
Chapter 1

Mathematical Model Transformations

1.1 Intr oduction

For mostcomputercontrolledsystems,especiallydependable,real–timesystemsfor critical appli-
cations,aneffective designprocessrequiresanearlyconceptualandarchitecturalvalidationprior
to theimplementationin orderto avoid costlyre–designcycles.In orderto have aguaranteedde-
signquality, all relevantsystemcharacteristicshave to becheckedduringthis systemverification
phase.Theseparametersidentify critical bottlenecksto which thesystemis highly sensitive.

The increasingneedfor effective designhasnecessitatedthe developmentof standardized
andwell-specifieddesignmethodsandlanguages,which allow systemdevelopersto work on a
commonplatformof designtools.TheUnifiedModelingLanguage(UML) is avisualspecification
languagefor puresoftwaresystems,aswell asfor embeddedreal-timesystems(systemsreactively
interactingwith theirenvironment).TheUML representsacollectionof bestengineeringpractises
thathave proven successfulin themodellingof large andcomplex systems.Recently, UML has
beenregardedasthestandardobject–orientedmodellinglanguage.

1.1.1 Formal Methods in SystemDesign

Formalmethodsaremathematics-basedtechniquesofferingarigorousandeffectivewayto model,
designandanalyzecomputersystems.They have beena topic of research(in projectslike IOSIP
[8], SafeRail[5], SpeciMen[7] or HIDE [2]) for many yearswith valuableacademicresults.
However, their industrialutilization is still limited to specializeddevelopmentsites,despitetheir
vital necessityoriginatingin the complexity of IT productsandthe increasingrequirementsfor
dependabilityandQualityof Service(QoS).

Theuseof formal verificationtools (like SPIN[11] or PVS[21]) in IT systemdesignis hin-
deredby a gapbetweenpractice–orientedCASEtoolsandsophisticatedmathematicaltools. On
theonehand,systemengineersusuallyshow no propermathematicalskills requiredfor applying
formal verificationtechniquesin thesoftwaredesignprocess.On theotherhand,evenif a formal
analysisis carriedout, theconsistency of themanuallycreatedmathematicalmodelandtheorigi-
nalsystemis notassured.Moreover, theinterpretationof analysisresults,thusthere–projectionof
themathematicalanalysisresultsto thedesignatedsystemis problematical.Fromtheengineering
pointof view, thenotionof dependabilityis acompositeonenecessitatingtheanalysisof multiple
mathematicalpropertiesby usingdifferentverificationtools.

Theaim of our ongoingresearch is to provide a provenlycorrect and complete, automated
transformationbetweenUML–basedsystemmodelsand formal mathematicalverification tools
for an effectivesoftware design.[28]
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2 CHAPTER1. MATHEMATICAL MODEL TRANSFORMATIONS

1.1.2 Mathematical Model Transformation

Thestepgeneratingtheinput languageof a targetmathematicaltool from theUML modelof the
systemis denotedasmathematicalmodeltransformation. The inversedirectionof modeltrans-
formation(referredasback–annotation) is of immensepracticalimportanceaswell whensome
problems(e.g. a deadlock)aredetectedduring the mathematicalanalysis. After an automated
back–annotationtheseproblemscanbevisualizedin the thesameUML systemmodelallowing
thedesignerto fix conceptualbugswithin his well–known UML environment.

Severalsemi-formaltransformationalgorithmshave alreadybeendesignedandimplemented
for differentpurposes(e.gformal verificationof functionalproperties[16] andquantitative anal-
ysisof dependabilityattributes[3, 4, 6]). Unfortunately, this conventionalway of modeltransfor-
mationlacked a uniform andprecisedescriptionof transformationalgorithmsresultingin hand–
written andratherad hoc implementations(inconvenientfor implementingcomplex transforma-
tions). Moreover, any formal proof of correctnessandcompletenessaimingto verify thesetrans-
formationscriptsis almostimpossible,thustheiruncertainquality remainsaqualitybottleneckof
theentiretransformationbasedverificationapproach.

Thus,a modeltransformationsystem(avoiding thesedrawbacks)mustfulfil at leastthe fol-
lowing userrequirements.

� A largenumberof modeltransformationsareplannedto bedesignedto performdependabil-
ity analysisin variousapplicationdomainsrangingfrom earlyevaluationmethodsbasedon
Petri netsto modelcheckingtechniquesusingtemporallogic asunderlyingmathematical
model.

� “Mathematical”model transformationsarenot only designedby mathematiciansbut sys-
tem engineersaswell. Thus, thesetransformationsmustbe definedby a visual, easyto
understoodformalism.

� The specificationof a model transformationshouldbe given in mathematicallyprecise,
unambiguousform.

1.1.3 VIATRA: A Visual AutomatedModel Transformation System

The processof model transformationis characterizedby a modelanalysisround-trip illustrated
in Fig. 1.1. Typically, a systemdesignerand a transformationdesignerparticipatesin sucha
round-tripwith thefollowing roles.

� A transformationdesignerspecifiesmodeltransformationsfrom UML to variousmathemat-
ical models(like e.g. Petri nets,temporallogic). From his specification,a transformation
algorithmis generatedatcompiletime.

� A systemanalystdesignscomplex systemsusing UML as modelling language. During
the software life cycles, he needsseveral verification stepsto be performedrunning the
previously generatedmodeltransformationprograms.

Model description A well–definedtransformationnecessitatesa uniform andprecisedescrip-
tion of sourceandtarget models. On the otherhand,it shouldfollow the main standardsof the
industry. For this reason,theMeta Object Facility (MOF) metamodellingtechniquesareused.
MOF metamodelsprovidegraphicalmeansto definemetaobjectsfor similarly behaving instances
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in variousdomainsby combiningtheexpressive power of UML Classdiagrams(concerningthe
structure)with theObjectConstraintLanguage(OCL) for describingsemanticissues.MOF meta-
modelsare usedas a basisfor describingUML models(following the standardmetamodelof
UML) aswell asmathematicalstructures(by creatingnon–standardmetamodelsfor them).

A typicalUML modelcontainsmoredetailsthanrequiredfor aspecificmathematicalanalysis
(for instance,documentationor usecasediagramsareoften of little importance).Thus, in the
sequel,aUML modelwill only containtherelevantpiecesof informationwith respectto aspecific
analysis,andthis reducedmodelcanbeobtainedfrom theoriginal user–createdsystemmodelby
somefiltering mechanism.

In VIATRA, filtering is expressedby metamodels.Exactly thoseconstructsareregardedrel-
evant (thus transformable)that are includedin the metamodelof the sourcelanguage(henceif
specificconstructsareirrelevantfor onepurpose,they aresimplynot includedin themetamodel).

Uniform description of models The front–endandback–endof transformations(UML asthe
sourcemodelanda formal verification tool as the target model) is definedby a uniform, stan-
dardizeddescriptionlanguageof systemmodelling,thatis, XMI (XML Metadata Interchange)
[18] XMI is a specialmetamodeldependentcollection of XML constructsproviding an XML
representationfor arbitrary(MOF based)models.

XMI seemsto bea naturalchoiceasa large numberof UML tool vendorsprovide a facility
to export theirmodelsinto XMI, moreover, severalacademiccommunities(e.g.PetriNet [12] the
graphtransformationcommunity[25]) have starteddiscussionto settleon a generalXML based
interchangeformatfor their tools.

Designing model transformation rules The visual specificationof model transformationsis
supportedby graph transformation [22], which combinesthe advantagesof graphsand rules
into anefficient computationalparadigm.

A graph transformation rule is a specialpair of patterngraphswherethe instancedefined
by theleft handsideis substitutedwith theinstancedefinedby theright handsidewhenapplying
sucharule(similarly to thewell–known grammarrulesof Chomsky in computationallinguistics).
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Model transformationrules(in theform of graphtransformationrules)arespecifiedby using
thevisualnotationof UML. However, for obtaininga tool–independenttransformationspecifica-
tion, the transformationruleswill alsobe exportedin an XMI basedformat, conformingto the
approving standardof graphtransformationsystems[25].

Correctnessand completenessof transformations Automatedtransformationsnecessitatean
automatedproofmethodaimingto verify thatthegeneratedtargetmodelsaresemanticallycorrect.
Moreover, eachconstructallowed in the sourcemodel shouldbe handledby a corresponding
rule. Insteadof verifying thesemanticcorrectnessof individual targetmodels(generatedby some
modeltransformation),ouralternatesolutionputsthestressonthecorrectnessand completeness
of transformation rules, i.e. startingfrom a sourcemodelfulfilling somesemanticcriteria, the
derivationstepsshouldalwayskeepthesepropertiesinvariantfor thetargetmodel.

Automated program generation Even if thedescriptionof the transformationis theoretically
correctandcomplete,additionally, thesourceandtargetmodelsarealsomathematicallyprecise,
theimplementationof thesetransformationshasahigh risk in theoverall qualityof a transforma-
tion system.As apossiblesolution,anautomatic generationof the transformation algorithm is
carriedout including(automaticallygenerated)programsfor implementingvisualtransformation
rulesandcontrolstructures[9].

The transformation engine As beinga logic programminglanguagebasedon powerful uni-
fication methods,Prologseemsto be a suitablelanguagefor a prototypeimplementationof the
transformationengine. Thus, the XMI basedmodelsandrule descriptionsare translatedinto a
Prologgraphnotationservingastheinput dataandtheprogramto beexecuted,respectively. Af-
ter a successfulprototypingphase,Prologcould be substitutedwith a morepowerful but lower
abstractionlevel language(like C++ or Java).

Benchmark transformations The model transformationsystemis plannedto be usedin real
industrialapplications.Several benchmarktransformationshave alreadybeendesignedandim-
plemented.

� Transformingthe static aspectsof UML modelsinto timed Petri Nets for dependability
analysisin anearlyphaseof systemdesign(discussedin [27]);

� TransformingUML Statechartsinto ExtendedHierarchicalAutomatonproviding formal
semanticsfor thosediagrams(a formal descriptionof thetransformation[16]; presentedin
thecurrentpaper).

� Automaticprogramgenerationfor visualcontrolstructures[9].

Back–annotationof analysisresults Theresultsof themathematicalmodeltransformationare
plannedto be automaticallyback–annotatedto the UML basedsystemmodel. Thus,thesystem
analystsarereportedfrom conceptualbugs in their well–known UML notation. Unfortunately,
the currentversionof UML doesnot directly supportthe representationof analysistraces.For
instance,the sequenceof fired statecharttransitionsthat leadsto a deadlock(accordingto the
verification tool) completelylacks a fine–grainedUML representation.Pleasenote that as the
resultsof an analysismay form a totally differentmodel in contrastto their input specification
(e.g. sequenceof fired transitionsinsteadof statemachines),the problemof back–annotation
might notbeequivalentwith aninversetransformation.
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1.1.4 A Scenarioof Model Transformation Engineering

Thestructureof thecurrentpaperis characterizedby traversingthemainstepsin theentireprocess
of model transformationdesignon a benchmarkexample. According to model transformation
round–trip,suchaprocessconsistsof thefollowing steps.

1. Creating metamodels

(a) As soonasthesource(typically theUnifiedModelingLanguage)andtarget(a formal
verificationmethodandtool) languagesaredeterminedthemeta–models(a descrip-
tion definingthesemi–formalsemanticsof aspecificapplicationdomain)of bothlan-
guagesareconstructedfollowing theguidelinesof theMetaObjectFacility standard
(Section1.2).

(b) Samplemodelsconformingthemetamodelsmaybeconstructedto verify andtestthe
metamodellingstep.

2. Creating a sourcemodel

(a) A sampleuserUML model(a statechartdescribingdynamicbehaviour in our bench-
mark)createdby anarbitraryCASEtool (e.g. RationalRose,Innovator, etc.) having
anXMI export feature.

(b) Thewell–formednessof theusermodelis checked.

(c) The UML model is converted into the MOF Model basedXMI model interchange
formatby usingthestandardUML DTD.

(d) This XMI descriptionis processedby a simple parserto build up a simple graph
database.

3. Designingthe transformation

(a) Model transformationrules(in theform of graphtransformationrules)arecreatedand
nestedinto transformationunits(whichprovide meansfor modularconstruction).

(b) Theserulesarespecifiedvisually (e.g.by overloadingthesyntaxof UML).

(c) Thecorrectnessandcompletenessof thetransformationis proved.

(d) Thetransformationcode(which is Prologduringtheprototypingphaseandanobject–
orientedlateron) is generatedautomatically.

(e) Thetransformationis executed,thetargetdescriptionis generated.

4. Formal mathematicalanalysis

(a) The mathematicalanalysisis performed(e.g. detectingdead–locks,verifying liveli-
nesspropertiesandspecificationconsistency).

(b) Theanalysisresultsareback–annotatedto theUML systemmodelby referencerela-
tionsbetweenthesourceandtargetobjects.

1.1.5 Paper Organization

Therestof thepaperis structuredasfollows.

� Section1.2. summarizestheconceptsof MOF metamodellingwhich will serve asa basis
for describingmodelsfrom arbitrarydomain.
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� In Section1.3,thetheoreticalfoundationsof modeltransformationareintroducedby creat-
ing graphsfrom MOF basedmodels.

� Section1.4. provides a brief informal introductionto a benchmarkexample, i.e. trans-
formingUML statechartsinto extendedhierarchicalautomatonfor obtaininganoperational
semanticsfor semi-formalstatechartdescriptions.

� Afterwards,in Section1.5, this benchmarktransformationis specifiedformally, by means
of graphtransformationrulesandunits.

� Section1.6is concernedwith theimplementationof suchmodeltransformationsby describ-
ing ageneralandhighly languageindependentmethodfor automaticprogramgeneration.

� Finally, Section1.7concludesourpaper.

1.2 MOF Metamodels

Nowadays,dueto the large varietyof systems,integrationandstandardizationplay a major role
in theprocessof softwaredesign.Basicrequirementsconcernthe re–useof informationmodels
in variousdomains,which in turnnecessitatesastandardizeddescriptionof thesemodelsin order
to avoid incompatibilityproblems.

The standardizationprocessof domainspecificmodelstypically consistsof two steps. At
first, thestandardizationcommitteeshouldagreeon a commonhigh–level notation(includingthe
identificationof basicentities,theirattributesandrelations)by creatingthemetamodel— amodel
describinganothermodel— of thespecificdomain. In orderto keepthesizeof themetamodel
manageable,tool (or approach)specificinformationis not included,thus,thisfirst stepdetermines
“what to include” in themetamodel.

This metamodellingis supportedby theMetaObjectFacility standardof theObjectManage-
mentGroup(OMG)whichprovideacommonbasisfor describingmetamodelsof arbitrarydomain
by combiningtheexpressivepowerof UML Classdiagrams(with respectto modelstructure)with
theObjectConstraintLanguage(OCL) for describingsemanticissues.

At thesecondphaseof standardization,thecommitteeshoulddecide“how to include” these
conceptsconcentratingon suchrequirementsaseasystructure,extensionalityanddocumentval-
idation. Moreover, sincethesemodelsaretypically usedin a distributedandheterogeneousen-
vironment(i.e. the Internet),a standardmodeldescriptionformat would be basedon the novel
standardof theweb,theXML (eXtensibleMarkupLanguage).

AnotherOMG standard,the XMI (XML MetadataInterchange)was introducedto provide
an automatedmappingfrom MOF basedmetamodelsto an extensibleset of XML constructs.
With thisrespect,thestandardizationcommitteemayconcentrateonthehigh–level metamodelling
issuesasits XML implementationmayautomaticallybegenerated.

1.2.1 Conceptsof Metamodelling

Thus,theconceptsof metamodelling(illustratedin Figure1.2)originatesin theneedfor aneffec-
tive designprocessof formal specificationandmodellinglanguages.Thelargenumberof similar
languages— oftensupportednowadaysby visualdiagrams— necessitatesa commonmodelde-
scriptionlanguage(calledmeta–metamodelor MOF Model).

Thesentencesof thistop–level language(denotedasmetamodels) areto describethestructure
of domainspecificinformationmodels. For instance,the metamodelof UML is to describethe
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Figure1.2: Meta–layersin languagespecification

major conceptsof UML. However, thesesentencesof thecommonmeta–metamodelmaybe re-
gardedin turnasseparatesub–languages(thelanguageof UML, PetriNets,etc.),thusthey provide
a grammarto describesentencesof a lower meta–level. Theselower level sentencesaredenoted
asmodels(e.g. theUML metamodelservesasa commongrammarfor describingdifferentUML
modelsassentences).

As a result,a modelhierarchy(summarizedin Table1.1) is availablewith at leastfour meta–
layers.

Meta–level MOF terms Examples
M3 meta–metamodel TheMOF Model
M2 metamodel UML Metamodel
M1 model UML Models
M0 data modelledsystems

Table1.1: MOF MetadataArchitecture

Although, themetamodellingconceptsarerelatedmainly to UML andsoftwaremodels,the
similar conceptscanbeappliedfor describingthestructureof arbitrarymathematicalmodelsas
suchmodelsuselanguagesof lower abstractionlevel. A MOF metamodelof e.g.PetriNets,or a
finite automatonprovidesaneasy–to–understand waytoobtainavisualoverview of theunderlying
mathematicalstructures.In our benchmarkexample(cf. Section1.4),we try to demonstratethat
evenabstractmathematicstructurescaneasilybeunderstoodby systemengineersif they aregiven
in aMOF notation.

1.2.2 The MOF Model

TheMOF Model is an abstract language for definingMOF metamodels(suchasthemetamodel
of UML itself). AlthoughMOF andUML wasdesignedfor differentpurpose(i.e. metadataver-
sussystemmodelling)theMOF Modelandthecoreof theUML metamodelarecloselyrelatedin
theirmodellingconcepts(classesfor objectsof similarstructure;associationsasrelationsbetween
theseclasses;generalization,etc.). Therefore,thecorrespondingUML notationis beingusedas
a notationfor MOF–basedmetamodels.Nevertheless,in orderto distinguishbetweenthemeta-
modelelementsof UML andthe basicconstructsof the MOF Model, latter onesareprinted in
capitalinitials.

Themainmetamodellingconstructsprovidedby theMOF (andusedin thecurrentpaper)are
thefollowing (seealsoFigure1.3 for thegraphicalnotation).
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� Classesareusedfor identifyinganddescribingM2 levelmeta–entities. For instance,in case
of traditionalfinite automaton,suchmeta–entitiescouldbeStates,Transitions,Automaton,
etc. Pleasenotethat instancesof thesemeta–classes(concretestates)appearon M1 level
thusit is a subjectof a subsequentmodellingphase.Thestructuralfeaturesof Classescan
bedescribedby

– Attrib utes: avalueholderin aninstanceof theclass;

– Generalization: in thiscasetheinstanceof aClassinheritsits structureandbehaviour
from instancesof otherClasses.

– Abstract Classes: theseClassesmaynothave any instances(ata lower meta–level).

� Associationsare binary relationsbetweenClassinstances. EachAssociationhastwo As-
sociationEndsthatmayspecify

– aggregation semantics(when a Classinstanceis composedof several other Class
instances)

– cardinality (a Classinstancemay be in a specificrelationwith a limited numberof
instances)

– uniqueness(thesameinstancemustnotappeartwice in amodel)

– a Referencethat allows navigability of the Association’s links (i.e. Classes)from a
ClassinstancewhentheClassis thetypeof anAssociationEnd

� The following constructsarealsoincludedin theMOF Model, however, they arenot dis-
cussedin detailsin thecurrentpaper.

– Packagesarecollectionsof relatedClassesandAssociationsandthey supportamodu-
lar compositionandinformationhidingin ametamodelby nestingandimportingother
Packages.

– DataTypes allow the useof basicandexternal typesfor Operationparametersand
Attributes.

– Constraints areusedto associatesemanticrestrictionswith otherelementsin aMOF
metamodelby definingwell–formednessrulesfor themetadatadescribedby a meta-
model.TheObject Constraint Language(OCL) [19] is oftenusedasasemi–formal
languagefor expressingconstraints,however, it still lacksaprecisesemanticbasis.

Example1.2.1 In Figure1.3,sampleMOF metamodelsillustratethegraphicalnotationof MOF.

� In Figure1.3(a),anAbstractSuperClass (printedin italics) is introducedfrom which
asampleClass is inherited.ThisClass hasanAttribute of aspecificType.

� The metamodelin Figure1.3(b)statesthat every instanceof a Vehicle is composedof
(notethe black diamond)an arbitrarynumberof Tyres, while eachinstanceof a Tyre
maybelongto a singleVehicle (instance)by thecorrespondingcardinalities(0..* and
1 respectively). TheTyre instancesareaccessiblefrom the containerVehicle via the
tyres AssociationEnd,while theAssociationisnavigableviamyVehicle in theopposite
direction.
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Figure1.4: Descriptionof finite automaton

Example1.2.2 A samplemodelandMOF metamodelof finite automatonareprovided in Fig-
ure1.4.

� Accordingto themetamodel:

– A finite automatonis composedof statesand transitions(indicatedby the corre-
spondingMOF ClassesAutomaton, State andTransition andAggregations
states andtransitions).

– A State hasa name as an Attribute, and may also be in turn either a start state
(StartState) or anacceptingstate(AccState).

– A transitionhasa character(char) of type Char as an attribute (taking its value
from the alphabet).Moreover, a transitionis leadingfrom a stateinto anotherstate
(expressedby two associationsfrom andto).

� In thesampleautomaton:

– Thereis astartstatecalleds1 andanacceptingstates2.

– Thereis a transitionfrom s1 to s2 triggeredby characterb.
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Although MOF metamodelsstill lack a precisesemantics,they provide a semi-formaland
easy-to-understandlanguagefor describingthestructureof systemandmathematicalmodelsuni-
formly. As only asmall(but still meaningful)subsetof MOF constructsareusedfor ourpurpose,
we expect that a future (mathematicallyprecise)metamodellingapproachwill containall these
features(valuablefoundationsare[26, 30]).

1.3 Theoretical Foundationsof Model Transformation

In this section,basicconceptsof graphtransformationsystems(suchasgraphs,graphtransfor-
mationrules,transformationunits,etc.) areappliedto thespecialneedsof modeltransformation
built uponMOF metamodelsin order to provide a precise(but practiceoriented)mathematical
background.For thebasicdefinitions,we will basicallyfollow thedirectionsof [1], while further
detailson thetheoreticalfoundationof modeltransformationscanbefoundin [29].

1.3.1 Graph Models

Definition 1.3.1 A directedgraph
�������	��

��������
������������������ �!��"�#$�&%'�(")� * #�+'�!* ,

consistsof a fi-
nite set

�-�.

���
of nodes, a finite set

��
������
of edges, two mappingsassigningthe

��������� �
and

the
"�#!��%'�("

nodeto each edge, and a mapping
* #�+'�!*

, assigninga labelling symbolfrom a given
alphabetto each nodeandeach edge.

An edge
�

in
�

goesfrom the source
�����/��� �'�0�1,

to the target
"�#!�&%'�(" �0�1,

and is incident to�����/�2� �'�0�1,
and

"�#!�&%'�(" �0�1,
.

Definition 1.3.2 A graph 3 is a subgraphof
�

, denotedby 354 �
, if thenodeandtheedge sets

of 3 are subsetsof the respectivesetsof
�

, and the source, the target and label mappingsof 3
coincidewith therespectivemappingsof

�
restrictedto 3 .

Definition 1.3.3 3 hasan occurrencein
�

, denotedby 3�6 �
, if there is a mapping

�7� �
which

mapsthe nodesand the edgesof 3 to the nodesand the edgesof
�

, respectively, and preserves
sources,targets,andlabellings.

Definition 1.3.4 Labelsin typedgraphsare dividedinto classes,called types,and that edgesof
a certaintypeare restrictedto beincidentonly to certaintypesof sourceandtarget nodes.Typed
graphscanbespecifiedby so–calledgraphschemataase.g. in [23].

Definition 1.3.5 Attributed graphs are equippedwith attributes. Attributescan be of different
types(a number, a text, an expression,a list or evena graph).

Definition 1.3.6 A modelgraph
�

is a directed,typedand attributed graph with the following
structure.

� A graphnodeis associatedwith a uniqueidentifier 8:9 , anda typelabel ;�< .
� An edge hasan own 8:9 , a referenceto a source 8:9/= anda target 8:9/> identifier, anda type

label ;@? .
� Bothnodesandedgesmayberelatedto attributes(representede.g. asspecialgraphnodes)

with an 8:9 identifier(referringto thegraphelementtheattribute is relatedto), a typelabel
;�A anda datavalue B .
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Model graphsmayalsocontainn-aryrelationsbetweennodes(denotedasrelationsor hyper-
edges),but theserelationsarerepresentedby a specialclassof modelgraphnodesconnectedto
“original” graphnodesby special(reserved) typesof edges.Model graphrelationsareclosely
related(in their useandfunctionality) to PROGRESpathexpressions[24] with theextensionof
having morethanonesourceand/ortargetnodes.

The conceptsof a modelgraphwere introducedin order to obtaina closecorrelationwith
MOF basedmodels.In amodelgraph,eachnodeandedgemusthave typelabelscorrespondingto
aMOF constructin themetamodel.This correspondenceis characterizedby thefollowing rules:

� Instancesof a MOF Class(A) aremappedinto modelgraphnodeswith identicallynamed
types.

� Instancesof anavigableMOF AssociationEnd(E) betweentwo MOF Classes(fromA toB)
areprojectedinto modelgraphedgeswith thefurthertyperestrictionthatall thegraphedges
of typeE have to connecta graphnodeof typeA to a nodeof typeB. (As a result,a MOF
Associationwith two navigableAssociationEndsareprojectedinto two separatedirected
modelgraphedges).

� MOF Attributesaredirectly mappedinto modelgraphattributes.
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Figure1.5: Modelgraphsfrom MOF basedmodels

Example1.3.7 In this respect,the modelgraphof Figure1.5(b) is an equivalentof the simple
automatonof Figure1.5(a).Themodelgraphcontains

� nodessuchasn1, n2, n3 andn4 (in thefollowing, wereferto agraphobjectby its identi-
fier) of typeAutomaton, StartState,AccState andTransition respectively.

� edgeslike e1 ande2 of type states ande3 of type transitions connectingthe
automatonnodewith its statesandtransitions.

� attrib utesattachedto eachnodethatcontainthenameandthevalueof theattributesuchas
name: s1 for statesandchar: b for thetransition.

.
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Referencegraphs As themaingoalof modeltransformationis to derive a targetmodelfrom a
givensourcemodel,sourceandtargetobjectsmustbe linked to eachotherin someway to form
a singlegraph. For this reason,the following definition introducesthe conceptsof a reference
graph. Thestructureof a referencegraphis alsoconstrainedby a correspondingreferencemeta-
model,which contains(i) referencesof existing sourceand target metamodelnodes;(ii) novel
(so–called)referencenodesthat provide a typedcouplingof sourceandtarget objects,and(iii)
referenceedgesconnectingall thesenodes.

Definition 1.3.8 A referencegraph
�DC ?FE �G�H�JIK�(�ML����-�.

���NC ?FE ����
��O���PC ?QE , containsa sourceand

a targetmodelgraph(
�JI

and
�JL

respectively),andanadditionalsetof referencenodes
�-�.

���NC ?FE

andedges
�R
S�����NC ?FE , where

� a referencenode is a modelgraph node(thusassociatedwith a uniqueidentifier 8:9 , and
a typelabel ;O< ) of thereferencemetamodel.Referencenodeswill bedepictedby rounded
boxesin thesequelfor beingableto distinguishthemfromsourceandtarget objects.

� a referenceedgeis a modelgraphedge (of thereferencemetamodel)that maylead from a
referencenodeto eithera source, a target or a referenceelementof a specifictype.

Thepreviousdefinitionof referencegraphscanbeextendedto refernot only to singlenodes
but to a subgraphof sourceandtargetmodels.As a result,a morecomplex andrefinedreference
structureis obtained.However, thereferencegraphis no longera simplegraphbut a hierarchical
graph(wherenodescanberefinedin turn to entiregraphs).

In the following section,operations(graphtransformationrules)will be definedthat would
manipulateanarbitraryclassof graphs(including,naturally, modelandreferencegraphs).

1.3.2 Transformation rules

Graph transformation consistsof applyinga rule anditeratingthis process.Eachrule applica-
tion transformsa graphby replacinga partof it by anothergraph(which is conceptuallysimilar
to textual patternmanipulationin Chomsky grammars).

Definition 1.3.9 A graph transformation rule
�T�G� 3 ��UV���RWX+���YSZ/Z$,

containsa left–handside
(LHS)graph 3 , a right–handside(RHS)graph

U
, someembeddingmechanisms

�RWX+
andappli-

cationconditions
Y
Z/Z

.

Definition 1.3.10 Theapplicationof
�
to a hostgraph (graphinstance)

�
replacesanoccurrence

of theLHS 3 in
�

by theRHS
U

. Thisis performedby

1. findinganoccurrenceof 3 in
�

(alsodenotedasgraphpatternmatching),

2. checking theapplicationconditions
YSZ�Z

(e.gnegativeapplicationconditionswhich prohibit
thepresenceof certainnodesandedges)

3. removingapart of thegraph
�

determinedbytheoccurrenceof 3 yieldingthecontextgraph

,

4. gluing
U

andthecontext graph



by usingtheembeddingmechanism
�RWX+

, andobtaining
thederivedgraph [ .
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The computationalcomplexity of graphtransformationdependsmainly on the complexity
of graphpatternmatching. Unfortunately, this problemis equivalentwith the subgraphisomor-
phismproblem,which is known to be NP-complete.However, existing graphpatternmatching
approaches(e.g. searchpathsin PROGRES[?], or theconstraintsatisfactionmethod[15]) show
anacceptablerun–timebehaviour for practicalapplications.

Thepreviousdefinitioncoversseveralgraphtransformationapproaches,eachof themanswer-
ing thefollowing two mainquestionsconcerningrule applicationdifferently.

� Shallwe allow that thematchof a rule is a non-isomorphicimageof its LHS, i.e. that two
nodesof theLHS sharethesamenodein thehostgraph?

� If deletionof anodeis orderedby arule,how to handle(or avoid) danglingedges,i.e. those
edgesthatareconnectedto thenodeto bedeletedbut not handledby thespecificrule (asa
graphmustbeobtainedaftereachderivationstep).

Theaimof modeltransformationis to generateatargetmodelfrom scratchthatis semantically
equivalentwith a givensourcemodel.For this reason,eachoccurrenceof a specificLHS pattern
hasto betransformedaccordingto theRHS.Moreover, themajorityof modeltransformationrules
arenon–deleting,whichensuresthepleasantpropertyof beingableto handleall theLHS matches
parallelly(parallelexecution).

On theotherhand,whenthedeletionof certaingraphobjectsis prescribedby a rule,we must
ensurethatdistinctparallelmatchesdo not confrontwith eachother. In ourmodeltransformation
approach,parallellyexecutablerulescannotremoveany partof thegraphto avoid suchproblems.

Following theclassificationof differentgraphtransformationapproachesthatcanbefoundin
[22], amodeltransformationrule is definedby answeringthepreviousquestionsasfollows.

Definition 1.3.11 A modeltransformation rule
�]\�L

is a specialgraphtransformationrule, where

� bothgraphs 3 and
U

are referencegraphs;

� an occurrenceof 3 in
�DC ?FE is not requiredto bean isomorphicimage of 3 (two nodesin the

LHSmayshare thesamenodein thehostgraph);

� all thedanglingedgesaredeletedautomatically(asdeletionis a rare operation);

� if the LHS graph is composedof more than onecomponentsthan all but onecomponent
mustcontaina nodeobtainedasparameter

To limit the worst-casecomplexity of the graphpatternmatchingin model transformation
rules, the last requirementin the definition necessitatesthat if the LHS graphof a rule is con-
structedfrom morecomponentsthena nodeof eachcomponent(exceptfor one)hasto beidenti-
fied by input parameterspassedto therule. In this way, having morecomponentsin theLHS will
notdrasticallydecreaserun-timeperformance.

For practicalapplications,modeltransformationrulesareallowedto containparameternodes
and edges. An input parameteris mappedto the LHS of the rule, and determinesthe image
of the parameternode(or edge)in constanttime (supposingthat its occurrencewasdetermined
beforehand).An outputparameterrequiresaRHSobjectto bemappedto it.

Fortunately, thetheoreticalbasesof modeltransformationrulesneednotbealteredasinputand
outputparametersmerelyprovideadditionalapplicationconditions.Thus,wemayaddparameters
to transformationrulesin thesequel.
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Figure1.6: Thestructureof modeltransformationrules

Example1.3.12 A samplemodel transformationrule is depictedin Figure1.6. It consistsof a
LHS, anegative applicationcondition(Neg) andaRHSgraph.

� The referencegraphof theLHS containsa singlenodeof typeCompState identifiedby
thevariableS1 andwith a singleattributecalledname having a valueV (all theidentifiers
andattributevaluesthatbegin with capitallettersareidentifierswhile datavaluesareprinted
betweenquotationmarks).

� The rule containsa negative conditionprescribingthatnodes1 mustnot be connectedto
a concurrentCompState nodeby a subvertex edge(attributesareindicatedthis time
without boxes). The mappingbetweenLHS andNeg nodesandedgesaredescribedby
identicallynamedidentifiers(suchasS1). Sucha mappingprescribesthatthenodesin the
LHS andNeg mustsharethesameinstancein thehostgraph.

� The RHS of the rule containstheS1 node(note the mappingwith identicalnames),two
additionalnodesR1 (a referencenodeof typeRefState) andT1 (a target nodeof type
hState) connectedby edgesC1 andC2 (of typesrc andtrg).

As the valueN of attribute name in T1 can also be mappedto the attribute of S1 (such
a mappingis also indicatedby a Prolog like unification), the valuesof the two attributesare
identical. In a moregeneralcase,the valueof a newly constructedattribute may be definedby
a correspondingfunction. In this way, we may transformnumericalvaluesin additionto graph
structure.

Example1.3.13 Theparallel applicationof thepreviousrule is demonstratedin Figure1.7.

� The referencehost graphto which the rule is plannedto be applied is depictedin Fig-
ure1.7(a).LetCompState nodeswithoutanisConcurrent attributedenotethedefault
casewhenthisvalueis false.

� The first step(Figure1.7(b)) is to find an occurrenceof the LHS in the hostgraph,i.e. a
nodeof typeCompState. In thecurrenthostgraph,theLHS patterncanbematchedthree
times(s1, s2 andS4). Thenodes1 canbematchedbecausetheLHS patternprescribes
no conditionsfor theisConcurrent attribute. The nodes3 cannotbe matchedasits



1.3. THEORETICALFOUNDATIONSOF MODEL TRANSFORMATION 15

subvertex
e1

e2 e3

<CompState>

s2

<CompState>

s4s3

<SimpleState>

s1

<CompState>

isConcurrent=’true’

subvertex
subvertex

(a)Hostgraph

subvertex
e1

e2 e3

s3

<SimpleState><CompState>

s4

<CompState>

s2s1

<CompState>

isConcurrent=’true’

subvertex
subvertex

(b) Graphpatternmatching

subvertex
e1

e2 e3

<CompState>

s2

s3

<SimpleState>

s1

<CompState>

isConcurrent=’true’

<CompState>

s4

subvertex
subvertex

(c) Checkingapplicationconditions

subvertex
e1

e2 e3

c1

c2 c3

c4

<CompState>

s2

s3

<SimpleState>

r2

<RefState><hState>

t2

<CompState>

s4

s1

<CompState>

isConcurrent=’true’

r1

<RefState>

<hState>

t1

subvertex
subvertex

src
trg

src

trg

(d) Additionsanddeletions

Figure1.7: Applying modeltransformationrules

typeSimpleState doesnot correspondto the type of the patternnode(CompState).
As we applyour rule parallelly(asthedefault semanticsfor rule application),eachparallel
manipulationprocessis indicatedby differentcolours.

� Afterwards,the negative applicationconditionis checked, which prescribesthat the LHS
nodeS1 mustnot beconnectedto a concurrentCompState nodeS2 by a subvertex
edge.At this point, theoccurrenceof nodes2 is invalidatedasit canbe extendedby the
patternof the Neg graph(a subvertex edgeleadingfrom a concurrentCompState).
On theotherhand,theoccurrenceof s1 is valid asthereareno edgesof typesubvertex
in thehostgraphthatleadto s1.

� At third, theoccurrencesof thoserulegraphobjectsthatappearonly on theLHS but noton
theRHSaredeletedfrom thehostgraph.In our samplerule, no suchdeletionsareneeded
to beperformed.

� Finally, thoseobjectsthat appearonly on the RHS (but not on the LHS) areaddedto the
hostgraph.In our modeltransformationrule,a referencenodeanda targetnodeconnected
by correspondingedgesshouldbe createdfor eachmatches.For this specificapplication,
referencesnodesr1 andr2 of typeRefNode arecreatedtogetherwith target nodest1
andt2 of typehState andreferenceedgesc1, c2, c3 andc4.

1.3.3 Transformation Units

As possibleindustrialapplicationsof modeltransformationsurelyconsistof very largeandcom-
plex modelscontaininghundredsof rules, model transformationrules must be extendedby a
sophisticatedstructuringmechanismsthatallow to composethemin a modularway. In thegraph
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transformationcommunity, theconceptsof transformationunitswereintroducedfor suchpurpose
(e.g.[1, 13]).

Definition 1.3.14 A transformation unit
")�.�G� 8 ��^@��UV�(_D� ; ,

is a systemwhere 8 and ; aregraph
classexpressions(describinginitial and terminal graphs),

U
is a finite set of rules and

_
is a

control condition,and
^

is thesetof importedtransformationunits(which is empty, initially).

Definition 1.3.15 A modeltransformation unit is a transformationunit where

� thegraphmodelconformsto thosereferencegraphsdescribedin Definition1.3.8;

� theset
U

of rules is well–formedmodeltransformationrules,

� theclassof control conditions
_

(containingcontrol flow information)is composedof ex-
tendedregularexpressions(discussedin detailse.g. in [14]). Each

��`
is eithera transfor-

mationunit or rule identifieror a previouslydefinedcontrol condition.

–
� acbdZ

is theidle operation

–
"e�gfh�0�1,

applies
�

at mostonce(onceif
�

is applicableandfails otherwise);Thisopera-
tion is alsodenotedastest;

– i �'�]#/*j*d�0�1, representstheparallel applicationof
�
;

–
�1kl��� m

standsfor thecontrol flow in which
� m

is appliedright after
�1k

(sequence);

–
� kln � m

representssuch a control flow where we choose from
� k

and
� m

non–
deterministically(choice);

–
b i ��")oc�!p
� k �!* ���O� m

servesasa branch of thecontrol flow(dependingontheevaluation
of

�
);

–
�!q

applies
�

aslong aspossible;

–
� k$r � m

standsfor such a control flow where
� k

and
� m

canbeappliedparallelly (fork).

Initial and terminal classexpressionsserve as preconditionsand postconditionson graphs
transformedby theunit. Model transformationrulesarenestedinto transformationunits,which
units themselvescanbe importedby further transformationunits (circular import is usuallyfor-
bidden). In this sense,theentiretransformationis definedin a hierarchicalway; similarly to the
processof IT systemdesign.

Several waysof non–determinismareembeddedin the applicationof graphtransformation
rules,for instancechoosinganappropriaterule to beappliedor finding anoccurrenceof theLHS
of therule in thegraph.Althoughnon–determinismis oftenusefulin thephaseof amathematical
analysis,it hasto beeliminatedin practicalapplicationsbeforetheimplementationphase.Control
conditionsprovide anaturalmechanismto restrictthecontrolflow of modeltransformation.

Example1.3.16 Figure1.8. shows a samplemodeltransformationunit (sampleTU), which de-
rivesthegraph sht from inputgraph s . Thetransformationunit statesthat

� theinitial andterminalgraphmustbeawell–formedreferencegraphs,

� variantTU hasthreerulescalledvariantR,adjudR anddistVoteR

� two furtherunits(notdiscussedherein details)areimported,namely, ftsTU andlinkTU

� thecontrolconditionprescribesthat
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sampleTU
� s � sht , :

initial: reference_graph
� s ,

terminal: reference_graph
� s t ,

rules: variantR, adjudR, distVoteR
uses:ftsTU,linkTU
control: ftsTU,(((variantR!),linkTU)

r
(if u then adjudR else distVoteR))

Figure1.8: Model transformationunit “variantTU”

1. ftsTU is executedfirst;

2. thecontrolflow forksafterwards;

(a) in onethreadwe shouldapplyvariantR aslong aspossiblefollowed by the
transformationdescribedin linkTU;

(b) in theotherthread,if condition
�

evaluatesto truethenadjudR is appliedother-
wisedistVoteR is executed.

1.4 Benchmark Transformation

In the previous section,a theoreticalframework of model transformationshasbeenintroduced
whichframework hasalsoprovidedaclosecorrespondencebetweenMOFbasedmodelsandgraph
transformationrules. In thesequel,theconceptsof modeltransformationwill be illustratedon a
benchmarkexamplewhich transformsUML statechartsinto their extendedhierarchicalautomata
equivalents.

This sectionwill be organizedto follow the scenarioof model transformationsdiscussedin
Section1.1.4.Bothsourceandtargetmodelsareintroducedinformally atfirst,whichdescriptions
arefollowed by a moredetailedspecificationof their structuralsemanticsby the corresponding
MOF metamodels.

1.4.1 An Inf ormal Intr oduction to UML Statecharts

UML statechartsarean object–orientedvariantof classicalHarel statecharts[10] and they are
a notationfor describingbehavioural aspectsof the systemunderdesign. In fact, the statechart
formalismitself is anextensionof traditionalstatetransitiondiagrams.

Figure1.9 summarizesthebasicnotationof UML statecharts,while thesamplestatechartof
Figure1.10will serve asthesourcemodelof thetransformationlateron.

States Statechartsarebasicallyconstructedfrom statesandtransitions.In fact,oneof themain
conceptsof statechartsis staterefinement.In Fig.1.10states1 is refinedinto two distinctautoma-
ton (representedasa singlestate),s4 ands5, eachof themis refinedin turn into anautomaton
consistingof furthersubstates(e.g.s6,s7). Statesrefinedto sub–statesaredenotedascomposite,
additionally, s4 ands5 arecalledconcurrent substatesof s1.

“Systemstates”aremodelledby configurations, whicharesetsof active states.For instance,
our samplesystemcanbe any of the following configurations:{s1,s6,s8}, {s1,s6,s9},
{s1,s7,s8},{s1,s7,s9},{s2}, {s3}.
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Figure1.10:ThesourceStatechartmodel

Transitions A transitionconnectsa sourcestateto a target state.A transitionis labelledby a
triggerevent, abooleanguard andasequenceof actions.

A transitionis enabledandcanfire if andonly if its sourcestateis in thecurrentconfiguration,
its triggeris offeredby theexternalenvironmentandtheguardis satisfied.In thiscase,thesource
stateis left, theactionsareexecuted,andthetargetstateis entered.

In our example,if eventa1 is offeredandthecurrentconfigurationis {s2}, states2 is left
andstates1 is entered.In particular, ass1 is composite,we alsohave to definewhich arethe
substatesthat arereached.In thecaseat hand,they arethe default onesspecifiedby the initial
statesof s4 ands5, namely, s6 ands8. In a generalcase,the sourceand target stateof a
transitionmay be at a different level of the statehierarchy. Sucha transitionis denotedthenas
interlevel.

Event dispatching In general,morethanoneevent canbe available in the environment. The
UML semanticsassumesa dispatcher, which selectsoneevent at a time from the environment
andoffersit to thestatemachine.As aresult,morethanonetransitioncanbeenabled,whichmay
causea conflict to beresolvedif theintersectionof thestatesleft by theenabledtransitionsis not
empty. Conflicting transitionsaretried to beresolved by usingpriorities: a transitionhashigher
priority thananothertransitionif its sourcestateis asubstateof theothertransition’s sourcestate.
If conflictscannotberesolvedby priorities,any of theenabledtransitionscanbefired,moreover,
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in caseof concurrentstates,morethanonetransitionis firedata time.

1.4.2 The Metamodelof UML Statecharts

In the following, the major featuresandcomponentsof UML statecharts will be describedby
meansof thestandardMOF–basedUML metamodel(Figure1.11).However, additionalsemantic
restrictionsexpressedin OCL areomittedthis timedueto thelackof space.

Transition

CompState
isConcurrent

Bool

SimpState

Statemachine

Statevertex

State

Event

Action

Guard
PseudoSt
kind: Enum

subvertex source

target

transitionstop
1 0..*

0..*

trigger

guard

effect

(a)Coreconcepts

ModelElement
name: String

Statevertex

Event Statemachine

Action Transition

(b) Inheritancefrom ModelElement

Figure1.11:ThemetamodelUML Statecharts

� The top-level classis called Model Element. It is an abstractsuperclass(thus without
instances)with asingleattributename.

� A state machine is a behaviour that specifiesthe sequencesof statesthat an objectgoes
throughduringits life in responseto events,togetherwith its responseandactions.

In themetamodelaStateMachine is composedof atop Stateandanarbitrarynumber
of transitions.

– Thetop associationdefinesthetoplevelState (exactlyoneasdepictedby its multi-
plicity 1) directlyownedby StateMachine. FurtherStates areownedby parent
compositestatesanddiscussedlater.

– The transitions role relate the StateMachine to its Transitions. All
Transitions areowneddirectlyby atmostoneStateMachine.
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� A state vertex is an abstractclassin the statechart. In general,it can be the sourceor
destinationof any numberof transitions.

In themetamodelaStateVertex is a subclassof ModelElement.

� A state is a conditionor situationduring the life of an objectmeanwhileit satisfiessome
condition,performssomeactionor waitsfor someevents.

In themetamodelState is anabstractclassandasubclassof StateVertex.

� A simplestate is astatethatdoesnothave substates.

In themetamodelaSimpleState is a subclassof State andit doesnot have any addi-
tional features.

� A compositestate is astatethatconsistsof substates.

In themetamodelaCompositeState is asubclassof State.

– Its subvertex associationdenotesa set of States that form the substatesof a
CompositeState. Eachsubstateis uniquelyownedby its parentCompositeS-
tate, andself–containmentis notallowedeither.

– TheisConcurrent attribute hasa booleanvaluethat specifiesthedecomposition
semantics:if thisattributeis true,thenthecompositestateis decomposeddirectly into
two or moreorthogonalconjunctive regions(usuallyassociatedwith concurrentexe-
cution). Otherwise,thereareno directorthogonalregion in thecompositestate.This
meansthatexactlyoneof thesubstatescanbeactive at a giveninstant(i.e. sequential
execution).

� A pseudostateis anabstractionof differenttypesof nodesincludinginitial andfinal states.

In themetamodelaPseudoState is a subclassof StateVertex. It possessthekind
attributethatcanbee.g. initial , final, fork or branch.

An additionalsemanticconstrainthereshouldstatethateachnon-concurrentcompositestate
musthave exactlyoneinitial pseudostate.

� A transition is a binary relationshipbetweena source statevertex anda target state
vertex.

In themetamodelTransition is asubclassof ModelElement thatparticipatesin vari-
ousrelationshipswith otherstatemachinemetaclasses(by associations):

– trigger specifiesthesingleEvent whichactivatesit

– guard is apredicatethatmustevaluateto trueat theinstantthetransitionis triggered;

– effect specifiesanAction whichhasto beperformedafterthetransitionis fired.

– source denotestheStateVertex affectedby firing theTransition.

– target denotestheStateVertex that resultsfrom a firing of theTransition
whentheStateMachine wasoriginally in thesourceState. After thefiring the
StateMachine is in thetargetState.

� An event mayleadto theactivationof a someinternalbehaviour in anobject.

In themetamodelanEvent is asubclassof ModelElement andis apartof aTransi-
tion by representingits trigger.
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� A guard conditionis a booleanexpressionthatmaybeattachedto a transitionin orderto
determinewhetherthattransitionis enabledor not.

In themetamodelGuard is a ModelElement. Its expression attribute is a boolean
expressionwhichspecifiestheguardcondition.

� An action mayalsoleadto theactivationof a someinternalbehaviour in anobjectaftera
transitionhasbeenfired.

In themetamodelanEvent is asubclassof ModelElement andis apartof aTransi-
tion by representingits effect.

Pleasenote that the UML metamodelwas slightly simplified (with respectto the standard
UML metamodel)in orderto keepthelevel of legibility of thepaper. In our opinion,thesemodi-
ficationsdo nothave majorimpactonstatechartsemantics.

1.4.3 An Intr oduction to ExtendedHierar chical Automaton

The conceptsof ExtendedHierarchicalAutomaton(EHA) were introducedin [17] for the first
time. However, in thecurrentpapera slightly modifiedversionis used(following [16]) sincethe
latter paperscontainthe textual descriptionsof the Statechart–EHAmappingwhich serve asa
basisof ourbenchmarkmodeltransformation.

ExtendedHierarchicalAutomatonprovideaformaloperationalsemanticsfor UML Statechart
diagrams.Having only asmallnumberof rules(see[16] for detailson rules)facilitatestheformal
proof of propertiesthatshow thecorrectnessof theformal semanticswith respectto therequire-
mentsformulatedin thedefinitionof UML[20].

However, thecurrentpaperthediscussionof theseoperationalsemanticaspectsis omittedas
the transformationbetweenthe SC andEHA notationis a structuralone(accordingto [16]). In
other words,we transforma statechartstructureinto an EHA structure,which containsall the
basicinformationthatis neededfor specifyingits semanticbehaviour.

Definition 1.4.1(SequentialAutomaton) A sequentialautomaton
Y

is a 4-tuple
�0vhwM����xw �)y�wM�KzewT,

where
vNw

is a finitesetof stateswith
� xw|{ vhw

theinitial state,
yhw

is a finitesetof transition labels
(labelshavea particular structure) and

zew~}�vhw~�|y�w~��vhw
is the transition relation.

Definition 1.4.2(Transition Labels) A transition label
y { yhw

is a 5-tuple
�]� �����e����%h�K#c�!��" 9 , ,

where
� �

is thesourcerestriction,
�e�

is the trigger event,
%

is theguard,
#c�

is the list of actions,
while

" 9 is thetarget determinator.

Definition 1.4.3(Hierarchical Automaton) A hierarchical automaton [ is a 3-tuple
���N���R����,

,
where

�
is a finitesetof sequentialautomatonwith mutuallydisjoint setsof states,

�
is a finite set

of events, andtherefinementfunction
���7� wh��� vNw 6��

�
imposesa treestructure to

�
.

Example1.4.4 A samplehierarchicalautomaton(which will turn to bethealternaterepresenta-
tion of thestatechartin Figure1.10) is depictedin Figure1.12with a self-explanatorynotation.
Thetransitionlabelsarelistedin Table1.2.

Pleasenotethatthereareno “interlevel” transitionsin theEHA model.Thesourceandtarget
statesof the original SC transition(seet5, for instance)areencodedinto transitionlabels(s6,
s9).
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Figure1.12:A sampleExtendedHierarchicalAutomaton(EHA)

t t1 t2 t3 t4 t5 t6 t7 t8 t9
SRt {s6} � � {s8} � � � � �
EV t r1 a1 e1 r2 a2 e1 f1 e2 f2
AC t a1 r2 � a2 e1 f1 r1 e1 �
TD t � {s6,s8} � � {s6,s9} � � � �

Table1.2: Transitionlabels

1.4.4 The Metamodelof ExtendedHierar chical Automaton

Accordingto thepreviousformaldefinitions,theMOF metamodelof EHA will beconstructedin
thesequel(Figure1.13).

hState
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setElement

sr td

ac

ev

g

(a)Coreconcepts
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(b) Inheritancefrom hElement

Figure1.13:Themetamodelof ExtendedHierarchicalAutomaton

� TheMOF ClasshElement is thetop–level abstractClassof theEHA metamodel.It hasa
singleattributename whichcontainsthelabelsfor statesandtransitions.

� A hAutomaton specifiesan EHA sequentialautomaton.It is a subclassof hElement,
andhastwo navigableAssociationEnds;

– autState accessesthe arbitrarynumberof states(hState) of the automaton(at
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the currentlevel). A statebelongsto exactly oneautomatonas the setof statesare
disjoint.

– autTrans lists all the transitions(hTransition) that belongto the specificse-
quentialautomaton.A transitionbelongto exactlyoneautomatonthis timeaswell.

� TheMOF ClasshState denotesthestatesof EHA. It is asubclassof thetop–level hEle-
ment.

– TheattributeisInitial specifieswhetherthestateis aninitial stateof anautoma-
ton. A semanticconstrainthereshouldprescribethat eachautomatonmay not have
morethanoneinitial state.

– If anEHA stateis refinedto oneor moresub–automatons,theseautomatonsareacces-
siblevia theAssociationEndrefined. An automatonis a refinementof exactlyone
state(e.g.A0 in Fig. 1.12is a refinementof thetop–level statewhich is not depicted
explicitly).

� TheMOF ClasshTransition is theEHA equivalentof UML transitions.It is asubclass
of hElement, andpossessesthefollowing navigableAssociationEnds.

– from specifiesthe sourcestateof an EHA transition (pleasenote that only non–
interlevel transitionareallowedin EHA accordingto thedefinition). A transitionhas
exactly onereferredsourcestateanda statemaybethesourceof anarbitrarynumber
of transitions.

– to refersto thetargetstateof a transition(therestof its semanticsis similar to oneof
from).

– ev is for determiningtheeventthathastriggeredthespecifictransition.

– g describesthelogicalguardconditionof thetransition

– ac is usedfor accessingthe correspondingaction that the triggeredtransitionhas
executed.

– The sourcerestrictionand target determinatorof a transition(calledsr andtd re-
spectively) is composedof two collectorClassesof typehStateSet.

� TheClasshAction is asimplifiedEHA representationfor UML Actions.

� TheMOF ClasshEvent correspondsto theUML Eventconstruct.

� TheMOF ClasshGuard correspondsto theUML Guardclass.

� The instancesof a hStateSet Classare related(by the associationsetElement) to
an arbitrary numberof hStates, while a hState may belongto more than a single
hStateSet.

After having introducedthestructureof sourceandtarget models,we turn on to their trans-
formation. As a startingpoint, our goalscouldbesummarizedastakingthesourceSCmodelof
Figure1.10.asinputandobtainingtheEHA modelof Figure1.12astheresult.

1.4.5 An Inf ormal Description of the Statechart–EHA Transformation

ThemodeltransformationmappingUML statechartsinto their EHA equivalentswill besketched
informally accordingto [16]. An ExtendedHierarchicalAutomaton���G���N���P����� will bedefined
by thesetof sequentialautomata� , therefinementfunction � andasetof events � .
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Setof sequentialautomata Eachautomaton�����N�����G�0�h���� �¡� �)¢h�J�K£e��� is definedasfollows.

� States. Statesof thestatechartareuniquelymappedto statesof sequentialautomata.

– Rootautomaton� . If the(composite)top state  ¡ of thestatechartis concurrentthen
it is mappedto thesingle(initial) stateof a degenerateroot automaton� . Otherwise,
thedirectsubstatesof thetop statearemappedto states�M¤ of the root automaton� .
(In practicalapplications,thetop–stateis never concurrent.)

– Each sub–automataof � . Eachnon–concurrentcompositesubstate  definesthestates
of a uniquesequentialautomaton�	¥ , as direct substatesof   are mappedto states
of �h�/¦ . Note that regions (direct substatesof a concurrentcompositestate)arenot
mappedto any statein theextendedhierarchicalautomaton.

� Initial state. Theinitial state  ¡� of anautomaton� is thestatethatcorrespondsto thestate
of thestatechartmarkedby aninitial pseudostate.

� Transitions. In orderto definethemappingof thetransitions,weneedthefollowing defini-
tions. A transitionof thestatechartis characterizedby its lowestcommonancestor(LCA)
state,which is the lowestlevel non–concurrent statethatcontainsall thesourceandtarget
states.Themainsource (main target) of a transitionis thedirect substateof its LCA that
containsthesources(targets).Accordingto theabove rules,mainsourcesandmaintargets
arealwaystransformedto statesof thesameautomaton.

Eachtransition§ in thestatechartis mappedto auniquetransition̈ of theEHA asfollows.
The source (target) of ¨ is the statethat correspondsto the main source(main target) of
§ . This meansthat a compoundor interlevel transitionof the statechartis mappedto a
transitionof theautomatoncontainingthestatescorrespondingto its mainsourceandmain
target (this automatonis a sub–automatonof thestaterepresentingtheLCA). Theoriginal
sourceandtargetstateswill be includedin the labelof the transitionin theform of source
restrictionandtargetdeterminatorasdescribedbelow.

� Transition labels. The label of a transition ¨ is of the form �F©Tª5¨e����«�¨)�(¬­¨e���-®¯¨e��°²±³¨��
where ©Mª5¨ and °²±³¨ aregeneratedusingthesource(s)andtarget(s)of § , while ��«�¨ , ¬´¨
and �@®¯¨ of ¨ areinheritedfrom § :

– Sourcerestriction. If thesetof statesthatcorrespondto thesource(s)of § is thesame
asthesourceof ¨ , then ©Mª5¨ mustbe empty, otherwiseit is thecorrespondingsetof
sources.

– Target restriction. °²±³¨ is thenormalizedsetof statesthatcorrespondsto thetarget(s)
of § . Normalizingmeanscomputingthe maximalsetof orthogonalbasicstatesthat
are substatesof the statesenteredby § explicitly or by default. In this way, °²±³¨
explicitly containsall thestateswhich have to beenteredwhenthetransitionis fired,
while someof thesestatesarenotexplicitly pointedby § . Thefollowing is asketchof
a normalizationalgorithmwhichvisits thestatesreachedby (segmentsof ) § , starting
from its maintarget:

µ If abasicstateis reachedthenit is addedto °²±~¨ andtherecursionstops.µ If acompositestateis reachedat its boundarythenthealgorithmis appliedrecur-
sively to its initial substate,or to theinitial substateof eachof its regions.
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µ If a non–concurrentcompositestateis reachedandits boundaryis crossedthen
thealgorithmis appliedrecursively to its directsubstatewherethetransitioncon-
tinues.µ If a concurrentcompositestateis reachedand its boundaryis crossedthenthe
algorithmis appliedrecursively to (i) thedirectsubstatesof thoseregionswhere
thetransitioncontinuesand(ii) theinitial substatesof theotherregions.

– Trigger events. In UML statecharts,eachtransitioncanhaveatmostonetriggerevent,
sincejoin, fork, andbranchsegmentscannothaveatrigger. Accordingly, ��«�¨ is equal
to thetriggereventof § .

– Guards. Eachtransitionmayhave asingleguard;accordingly¬´¨ is exactly theguard
of § .

– Actions. �@®¯¨ is exactly thesequenceof actionsof § .

� Refinementfunction. � is determinedby thesubvertex relationshipsof compositestates.If
a compositestate  is non-concurrentandit is not a region thenits directsubstatesform the
statesof �	¥ , asub–automatonof   , where ¶1�	¥�·¸�G�]�. )� . If acompositestate  is concurrent
then eachof its regions forms a sub–automatonof   , in sucha way that this automaton
containsthedirectsubstatesof theregion.

� Set of events. � is definedas the union of two (not necessarilydistinct) sets: the setof
eventsusedin thestatechartastriggersof thetransitionsandthesetof eventsgeneratedby
actions.In opensystems,thesetof eventsgeneratedby theenvironmentis alsoincluded.

1.4.6 Referencemetamodel

Beforebeingableto specifytheSC-EHAmodeltransformationby meansof graphtransformation
rules, the referencestructurebetweenthe two modelsalso hasto be definedby a correspond-
ing MOF metamodel.In the currentpaper, we have chosena simplemetamodelfor references,
however, arbitrarily complex typescanbeintroducedfor referencenodesandedges.

RefActionRefEvent RefGuard

RefAutRefTrans RefState

ModelElement RefSC2EHA hElementsrc targ

from

to

refined

sub

Figure1.14:Thereferencemetamodelof theSC–EHAtransformation

� In general,a referencenoderelatesa SCnodeto anEHA nodeby edgessrc andtrg, as
indicatedby theabstractsuperclassRefSC2EHA of thereferencemetamodel.

� A referencenodeis introducedfor eachtargetclass(exceptfor hStateSet) by inheriting
all thepropertiesfrom theabstractclassRefSC2EHA.
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� Furtherreferenceedges(suchasfrom or refined) correspondto EHA associations

Although the transformationrulesthemselveswill expressfurther connectionconstraintson
specifictypesof referencenodes(like e.g. a RefState will alwaysrelatea CompState or a
SimpleState sourcenodeto ahState targetnode),theseconstraintsarenotexpressedin the
structureof thereferencemetamodel.

Now we have a metamodelfor thesource,thetargetandthereferencemodel. Thegraphsin
modeltransformationrules(e.g.LHS or RHS)will beconstructedby usingonly thosenodesand
edgesthatareallowedaccordingto thesemetamodels.In otherwords,therulegraphsthemselves
have to bewell–formedreferencegraphs.

1.5 Formal Specificationof the SC-EHA Transformation

In thecurrentsection,theSC-EHAtransformationwill bespecifiedformally by meansof model
transformationrulesandunitsconstructedaccordingto thepreviousinformal specification.

Thescenarioof theSC–EHAmodeltransformationis thefollowing. Thetransformationstarts
with projectingSC statesinto EHA hStatesandhAutomaton. ThenhStatesarerelatedto their
hAutomatonat a secondphase.Afterwards,thetransitionsof thestatechartsarehandledby a set
of transformationrules(includingthetrivial transformationof Actions,EventsandGuards),also
introducingseveralauxiliary rulesfor preprocessingtheSCmodel.1.

Due to the lack of space,the rules for creatingsourcerestrictionsand target determinators
areomittedfrom thecurrentpaper. However, all thenecessaryrelations(leastcommonancestor,
main sourceandtarget) will be defined,thusthespecificationof theserulesmayserve asgraph
programmingexercisesfor theinterestingreader.

1.5.1 Transforming States

Transforming simple states At first (rulesimpleStateR in Figure1.15),eachsourcenode
S1 of typeSimpleState is transformedinto acorrespondinghState nodeby addinga target
nodeT1, a referencenodeof typeRefState andtheconnectingsrc andtrg referenceedges.

T1

<hState>

name=N

R1

<RefState>

S1

<SimpState>

name=N

S1

<SimpState>

name=N
src trg
C1 C2

Figure1.15:ThesimpleStateR rule

Transforming compositestates Compositestatesof a UML statechartare also transformed
into EHA hStates(Figure1.16). Accordingto Section1.4.5,statesrepresentingthe regionsof a
concurrentstatearenotprojectedinto thestatesof theEHA automaton.This fact is expressedby
a negative applicationconditionprohibiting the presenceof a parentconcurrentcompositestate
S2 for thecurrentLHS match.TheRHSprescribesadditionssimilar to simpleStateR.

1Pleasenotethatin thecurrentsection,eachtransformationrulehasto beexecutedparallellyasdefault if notstated
otherwise.
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T1

<hState>

name=N

R1

<RefState>

S1

name=N

<CompState>

S1

name=N

<CompState>

S1

<CompState> <CompState>

isConcurrent=’true’

S2

src trg

subvertex
E1

C1 C2

Figure1.16:ThecompositeStateR rule

Marking the initial states In the EHA metamodel,the initial statesof eachautomatonare
markedby settingtheisInitial attributeof thehStateto true. Therefore,ruleinitStateR
(Figure1.17)shouldmatchall thesimpleandcompositeSCstates(S1) thatalreadyhave acorre-
spondingEHA hStateT1 andareconnectedto an initial pseudostateS3 by a transitionS2. For
this reason,thetypeconstraintof S1 prescribesthatwe expecttheinstanceof aSCState in the
hostgraph.Naturally, asState is anabstractclassthuscannothave instancesin thehostgraph,
theState patternnodehasto beinstantiatedby the instancesof thesubclassesof State,i.e. by
SimpleStatesandCompositetStates.

T1

<hState>

R1

<RefState>

S1

<State>

S2

<Transition>

kind=’initial’

S3

<PseudoSt>

T1

<hState>

isInitial=’true’

R1

<RefState>

S1

<State>

S2

<Transition>

kind=’initial’

S3

<PseudoSt>

src trg

target

src trg

target

source

C1 C2

E1

E2

E1

E2

C1 C2

source

Figure1.17:TheinitStateR rule

Creating automatons EachcompositestateS1 thatcontainsaninitial pseudostateS2 (which
impliesthatS1 is a non–concurrentcompositestate)is mappedinto a distinctEHA hAutomaton
T1 by applyingautomatonR (Figure1.18). The compositestateandthe hAutomatonis con-
nectedby a referencenodeR1 of typeRefAutomaton andthecorrespondingreferenceedges.

Refining states If a (concurrent)compositestateS1 with a relatedhStateT1 contains(seethe
subvertex edge)anothercompositestateS2 (i.e. a region)with a relatedhAutomatonT2 then
T2 shouldbeconnectedto T1 by arefined edge(rulerefinementR1 in Figure1.19).

Alternatively, if thereis a non-concurrentcompositestateS1 which is simultaneouslyrelated
to hStateT1 anda hAutomatonT2, T1 shouldalsobe connectedto T2 by a similar refined
edgewhenapplyingrefinementR2 (Figure1.20).

Pleasenotethat the factof refinementis alsoindicatedby a refined edgein thereference
metamodelandtherequirementof concurrency (or non-concurrency) is implicitly includedby the
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T1
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<hAutomaton>

R1

<RefAut>

S1

name=N

<CompState>

S1

name=N

<CompState>

kind=’initial’

<PseudoSt>

S2

kind=’initial’

<PseudoSt>

S2

src trg

E1

C1 C2

E1

subvertex subvertex

Figure1.18:TheautomatonR rule

correspondingreferencenodetypesof the LHSs (i.e. suchconditionswerechecked during the
creationof thereferencenodes).

T1

<hState>

R1

<RefState>

S1

<CompState>

S2

<CompState> <RefAut>

R2

src trg

subvertex

src trg T2

<hAutomaton>

refined
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C1 C2

C4C3

E1 F1
C5

T1

<hState>

R1

<RefState>

S1

<CompState>

S2

<CompState> <RefAut>

R2

src trg

subvertex

src trg T2
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C1 C2

C4C3

E1

Figure1.19:TherefinementR1 rule
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trg

trg T2

<hAutomaton>
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trg

trg T2
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C2

C3

C1

C4

Figure1.20:TherefinementR2 rule

Connectingstatesto their automaton Up to now, every hAutomatonis empty, i.e. its hStates
arenotconnectedyetby autState edges.Thus(accordingtoautStateR of Figure1.21),for
eachcompositestatenodeS2 refinedto a hAutomatonT2 thathasa substateS1 (eithera simple
or a compositestate)refinedto a hStateT1, this hStateT1 mustbelinked to its hAutomatonT1
by anautState edge.

Example1.5.1 After having applied the previous rules in the given order to the statechartof
Figure1.10,thetargetEHA modelshouldlook like theoneof Figure1.22. Theinterestingparts
of thecurrentphasearethefollowing.

� ThestatechartregionsS4 andS5 do nothave correspondinghStates.
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T1
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<RefState>
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<CompState>
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E1

T2

<hAutomaton>
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C1 C2

C3 C4

Figure1.21:TheautStateR rule

� On theotherhand,S1 doesnothave acorrespondinghAutomaton.

s1 s2

s3

A0

s6 s7

A1

s8 s9

A2

initial state

other state

automaton

transition

refinement

Figure1.22:ThetargetEHA modelaftertransformingSCstates

1.5.2 Transforming Transitions

Thenext seriesof ruleshandlesstatecharttransitionsby lifting interlevel transitionsto thehAu-
tomatonrelatedto thetransition’s lowestcommonancestorstate.Actions,eventsandguardsare
alsotransformedin thisphase.

Creating EHA transitions EHA hTransitionsarecreatedandlinked to their sourceandtarget
hStatesin differentphases.As for their creation(ruletransitionR in Figure1.23),eachreal
statecharttransitionS1 (i.e. thatdoesnot leadfrom an initial pseudostateS2) is mappedinto a
hTransitionnodeT1 relatedto eachotherby a referencenodeR1 of typeRefTrans.

Creating actions, events and guards As the rule for creatingandlinking actions,eventsand
guardsis identical(in its structure),only oneof them(creatingandlinking hActions)is discussed
in details.Rulesfor theotherscanbeobtainedby alteringthetypesof nodesandedgesaccording
to themetamodels.

Accordingto ruleactionR (Figure1.24),for eachactionS1 in thestatechart,acorrespond-
ing hActionT1 is createdfor theEHA model(naturally, in additionto areferencenodeR1 of type
RefAction).
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T1
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Figure1.23:ThetransitionR rule
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<hAction>

R1

<RefAction>

S1

name=N

<Action>

S1

name=N

<Action>

src trg
C1 C2

Figure1.24:TheactionR rule

Linking actions to transitions For eachstatecharttransitionS1 (derived into an EHA hTran-
sition T1) with an actionS2 (with a correspondinghAction T2) definingits effect, thehAction
nodeT2 mustbeconnectedto hTransitionT1 by anac edgeby theapplicationof ruleaction-
EffectR (Figure1.25).
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<RefAction>
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<RefAction>
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src trg
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src trg

C1 C2

E1

C3 C4
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F1

Figure1.25:TheactionEffectR rule

Connecting transitions to their automaton Thepreviously createdhTransitionsarelinked to
their hAutomatonby applyingtheconnectAutR rule (Figure1.26). Startingfrom a transition
S1, its lowestcommonancestorstateS2 shouldbereachedvia anlca edge.After accessingthe
correspondinghTransitionT1 andhAutomatonT2 in theEHA modelby references,T1 should
belinkedto T2 by aautTrans edge.

The interestedreadermay have noticedthat thereis no lca edgein the metamodelof stat-
echarts.The reasonis that thelca edgeis just an abstraction(i.e. a derived relationbetween
statecharttransitionsandstates),thusnot includedin theoriginal statechart.Later in this section,
theseedgeswill be generatedby a correspondingauxiliary transformationrule usedfor prepro-
cessingthesourcemodelbeforethemodeltransformation.

Linking transitions to states The hTransitionsareconnectedto their main sourceandtarget
hStatesby rule connectSourceR (Figure1.27) andconnectTargetR (Figure1.28). For
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Figure1.26:TheconnectAutR rule

this reason,additionalderivededges(mainSrc andmainTrg) have beenintroducedin orderto
avoid rulesof large complexity. For eachtransitionS1 (with a relatedhTransitionT1) its main
source(target)stateS2 (with acorrespondinghStateT2) hasto beaccessedby theauxiliaryedge
of typemainSrc (mainTrg). After that,T2 is linkedto T1 by afrom (to) edgemarkingthe
sourcehStateof T1 in theEHA automaton.
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Figure1.27:TheconnectSourceR rule
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Figure1.28:TheconnectTargetR rule

At thecurrentpoint, thetransformationhasbeencompletedandthetargetEHA modelshould
look like theone(Figure1.12)thatwasexpected.

1.5.3 Auxiliary rules

In theprevioussection,severalauxiliaryedges(lca, mainSrc andmainTrg) wereintroduced
in orderto keepthesizeof rulesmanageable.Thecurrentsectionis responsiblefor preprocessing
theUML statechartmodel,i.e. generatingsuchedgesby correspondingtransformationrulesand
units.

Lowest common ancestor, main source and target... All theserelationsarederived by the
applicationof thelcaR rule (depictedin Figure1.29).However, for expressingtheserelations,a
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furtherderivededgeanc is requiredleadingfrom eachstatenodeto all its ancestors.Pleasenote
thatthisancestorrelationbetweenstatesincludeanedgelinking astateto itself, i.e. every stateis
anancestorof itself.

Whenderiving thelca edge,thosestatesS4 andS5 have to befoundfirst for eachtransition
S1 with a sourcestateS2 andtargetstateS3 which areancestorsof S2 andS3, respectively, but
not matchedinto identicalnodesin thehostgraph(S4 is not equalto S5). Moreover, S4 andS5
aredirectsubstatesof anon-concurrentcompositestateS6.

After suchconditions,S6 is the lowestcommonancestorof transitionS1 asit is a common
ancestor(note the subvertex andanc edges)and the isomorphicmatchcondition(i.e. S4
must not sharethe samenodewith S5 in the host graph)guaranteesthat S6 is the lowestof
suchcommonancestors.In addition,S4 andS5 arethemain sourceandtarget statesof S1 by
definition.

An assertionfor this rule is the semanticconstraintthat transitionsarenot allowed between
differentregionsof thesameconcurrentstate.

<Stata>
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S4

<State>

S1

<Transition> <State>

S3

S5
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S6

<CompState>

E1 E2

E6E5

anc E4ancE3 E9E8

source target
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mainSrc mainTrg

S2
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S4
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S1

<Transition> <State>

S3

S5

<State>

S6

<CompState>

E1 E2

E6E5

anc E4ancE3

source target

subvertex subvertex

S4 != S5

Figure1.29:ThelcaR rule

Therulealsohandlesthecasewhenthemainsource(and/ormaintargetstates)of a transition
areequalto its source(target)statessince,dueto thedefinitionof theancestorrelation(a stateis
ancestorof itself), nodesS2 andS4 (S3 andS5) maysharethesamenodesin thehostgraph.

The ancestorrelation (global) For demonstratingthepower of programmingwith transforma-
tion units,theancestorrelationwill bederivedin two differentway. Thefirst solutioncapturesthe
problemglobally, i.e. thestatehierarchyis traversedin anarbitraryorder. Thesecondsolutionis
ratherlocal in thesensethatit traversesthestatehierarchyin a top–down wayby passingthenext
nodeto beprocessedasanattributeto a recursive transformationunit.

Thefirst solution(ancestorTU1 in Figure1.30)startswith creatingananc edgein parallel
with eachsubvertex edge(ancChildR). Afterwards,the transitive closureof the ancestor
relation is calculatedby applyingancClosureR as long as possible(the negative condition
ensuresthateachanc edgeis generatedatmostonce).

Pleasenote that the usingherethe forall semanticsis insufficient as forall appliesthe rule
parallelly for each(current)occurrenceof the LHS. While, in this case,edgesgeneratedby a
previousapplicationof theancClosure ruleshouldalsohaveparticipatein thenext application
of therule,which is acompletelydifferentflow of control.

Finally, aseachstateis anancestorof itself, ananc edgeis addedto eachstateS1 by applying
ancSelfR parallellyfor all matches.

The ancestor relation (Local) The other solution (ancestorTU2 in Figure 1.31) attaches
parametersto severaltransformationrulesandunits(inputnodespassedasparametersto LHS and
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ancestorTU1:
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Figure1.30:Deriving theancestorrelation(ancestorTU1)

outputnodesreturnedfrom theRHSaredepictedgrey).
Thetransformationunit is composedof theruleancFirstR andcallsa furthertransforma-

tion unit ancTU. Thestatehierarchyis traversedstartingfrom the top stateof thestatemachine.
This top stateis selectedby applyingancFirst at mostonce,which alsoaddstheself ancestor
edgeassideeffect. After that, transformationunit ancTU is calledwith the top stateTop asits
input attribute.Thenecessityof the forall semanticswill beexplainedtogetherwith ancTU.

ancestorTU2:
rules: ancFirstR(Top:out)

Top
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E1
anc

Top

<State>

Top
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<State>

E1
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ancFirstR
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control: try(ancFirstR(Top:out)), forall(ancTU(Top:in)),

Figure1.31:Locally deriving theancestorrelation(ancestorTU2)

Thetransformationunit in Figure1.32demonstrateshow recursioncanbeexpressedby calling
units.Accordingto its controlcondition,it callsfirst theancNextR rulewith theinputparameter
Curr, which is a non–deterministicapplicationof therule for selectingonedirectsubstateNew
of thecurrentstate.But sinceancTU is appliedaccordingto the forall semantics(seethecontrol
conditionof ancestorTU2), all thepossiblematchesof ancNextR will beexecutedparallelly.
In otherwords,thecontrolflow forks to asmany branchesasmany timestheancNextR canbe
applied.

For eachsuccessfullymatchof nodeNew (of ancNextR), theparallelapplicationof anc-
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Closure2 generatesananc edgefrom all theancestorsof theCurr state.Finally, thetransfor-
mationunit ancTU is appliedrecursively with thesubstateNew. If thecall of ancNextR is not
succeeded(i.e. asimplestatehasbeenreachedin thestatemachine),therecursionterminates.

ancTU(Curr:in):
rules: ancNextR(Curr:in,New:out), ancClosureR2(Curr:in,New:in)

<Stata>

Curr

<Stata>

New

E1
subvertex

E2

anc

<Stata>

New

<Stata>

Curr

E1
subvertex

ancNextR

S1

<State>

Curr

<State>

New

<State>

E1

anc

E2

anc
E4

subvertex

S1

<State>

New

<State>

anc
E3

S1

<State>

Curr

<State>

New

<State>

E1

anc

E2

subvertex

ancClosureR2

control: (ancNextR(Curr:in,Next:out),
forall(ancClosureR2(Curr:in,Next:out)),
ancTU(New)) ; skip

Figure1.32:Recursionin transformationunits(ancTU)

As a result, the statehierarchyof the statemachineis traversedin a top–down way, whena
stateat level ¹ hasbeenreached,all its ancestors(on level ¹�º¼» ) have alreadybeenprocessed.

1.5.4 Control flow of the transformation

In orderto obtaina completespecificationof thetransformation,thecontrolflow will bedefined
formally in thesequelby meansof transformationunits.

TheentireSC–EHAtransformation(Figure1.33)is carriedout by threetransformationunits:
auxiliaryTU,statesTU andtransitionsTU, appliedin thisspecificorder.

sc2ehaTU:
uses: auxiliaryTU, statesTU, transitionsTU
control: auxiliaryTU, statesTU, transitionsTU

Figure1.33:TheSC–EHAmodeltransformation

auxiliaryTU:
rules: lcaR
uses: ancestorTU
control: ancestorTU, forall(lcaR)

Figure1.34:Thetransformationunit auxiliaryTU
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statesTU:
rules: simpleStateR, compositeStateR

initStateR, automatonR,
refinementR1, refinementR2,
autStateR

control: forall(simpleStateR), forall(compositeStateR),
forall(initStateR), forall(automatonR),
forall(refinementR1), forall(refinementR2),
forall(autStateR)

Figure1.35:Thetransformationunit statesTU

transitionsTU:
rules: transitionR, actionR,

actionEffectR, connectAutR,
connectSourceR, connectTargetR

control: forall(transitionR), forall(actionR),
forall(actionEffectR), forall(connectAutR),
forall(connectSourceR), forall(connectTargetR)

Figure1.36:Thetransformationunit transitionsTU

� The unit auxiliaryTU (Figure 1.34) is responsiblefor generatingall the anc, lca,
mainSrc andmainTrg edges.

� Theunit statesTU (Figure1.35)– asdiscussedpreviously –, appliesthefollowing rules
parallelly in the definiteorder: simpleStateR, compositeStateR, initStateR,
automatonR,refinementR1,refinementR2 andautStateR.

� Finally, transformationunittransitionTU (Figure1.36)is responsiblefor creatingtran-
sitionsandconnectingthemto their automaton,sourceand target states,etc. Moreover,
actions,eventsandguardsarealsohandledby them.

1.6 Automatic Program Generation for Model Transformation

Our benchmarktransformationmayhave demonstratedthatthecreationof modeltransformation
rules, in other words, programmingby graphtransformationmeansgetting acquaintedwith a
novel, very high level programmingparadigm.Thecurrentsectionis concernedwith decreasing
the level of abstractionby automaticallygeneratinga Prologimplementationfrom thehigh level
specificationof modeltransformationrulesandunits. In this respect,time andworkloadcanbe
relatedto thedesignof transformationrulesandnot to their implementation, thus,thequality of
transformationswill highly beincreased.For thecurrentchapter, thereader’s basicknowledgeof
Prologis required.

Ourautomaticprogramgenerationapproachconsistof two majorparts.

� As thespecificationof modeltransformationis expressedat avery high level, transforma-
tion specificparts of theautomaticallygeneratedprogrammustbridgea hugeabstraction
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gap.Bridging sucha gapis alwaysat a high risk for generatingerroneouscode,moreover,
the generatedcodemight implementsimilar structuresmore than oncethus introducing
undesiredredundancy to thesystem.

� To increasetheabstractionof programs(anddecreasein turn their redundancy), thebasic
commoncontrol structuresarerequiredto beidentifiedandcollectedinto aseparatemod-
ule. In this respect,theautomaticallygeneratedprogramis just a skeleton,which calls the
pre-madecommonroutinesby properparameters.Thus,only a ratherhigh-level codeis
neededto begenerated,while thesingleinstructionsareperformedby thecommonmodule.

Let usexaminethepropertiesof transformationrulesandcontrolstructuresfrom suchapoint
of view whethertransformationspecificor commonstructuresshouldbedominatingin anauto-
matedimplementation.

� For generatingthePrologcodefor a modeltransformationrule, thetransformationspecific
partswill bedominating,asthesequencein whichtheobjectsof theLHShaveto bematched
(which is themostcrucial stepregardingefficiency) is highly dependenton the rule itself.
Moreover, onecannottell in advancewhichmodificationsareprescribedby therule.

� In contrastto rules,major control flow structuresareincludedin the commonmodule,as
theunderlyingalgorithmicskeletonsaresimilar. In this respect,commonPrologpredicates
will beequippedwith rulesandtransformationunitsasparameters.

The following sectionsarethusconcernedwith (i) anoverview of thePrologdatastructures
usedin transformations;(ii) theautomaticprogramgenerationfor rulesusingthepreviousstruc-
tures;(iii) themodulefor implementingthealgorithmicskeletonsof controlconditions.

1.6.1 BasicRule Structuresin Prolog

The graph model Model transformationsmanipulateon referencegraphs,which graphsare
constructedin correspondencewith their MOF metamodels.Now, modelgraphsaretransformed
into aPrologtermrepresentationandstoredasdynamicclausesin aninternalfactdatabase,which
canbearbitrarily modifiedat run-time.

ThecorrespondencebetweengraphnodesandPrologtermsarecharacterizedby thefollowing
rules.

½ Froma modelgraphnodeof typetype with anidentifierid, thepredicatetype(id) is
generated(type andid areconsideredto bePrologatoms)

½ Froma modelgraphedgeof typetype with its own id, sourcesrc andtargettrg iden-
tifiers, thepredicatetype(id,src,trg) is generated.

½ Froma modelgraphattribute (attachedto thenodeidentifiedby nid) with a namename,
andhaving valuevalue, thepredicatename(ownid,nid,value) is generated,where
ownid is auniqueidentifierfor theattribute(generatedautomatically).

Eachmodel(eithersource,target or reference)is storedin a distinct Prologmodule. In this
way, they caneasilybeaccessed,yet, they arekeptseparatedfrom eachother. Having considered
Prologmodules,a termof amodelcanbeaccessedby prefixingthetermwith theidentifierof the
model.

Example1.6.1 For instance,we areableto accesssimpleState(s1) of modelsc (storedin
amodulewith identicalname)by sc:simpleState(s1).
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Matching graph patterns Graphpatternmatchingis implementedby usingthepowerful uni-
fication mechanismof Prolog. In rule graphs,the identifiersof nodesand edgesarenormally
variables,which variablesget instantiatedduring the patternmatchingprocess.If a variableis
instantiated,it servesasa preconditionfor all the termsto be accessedlater, which containthis
specificvariable.

Example1.6.2 Let usconsidertheLHS of ruleautomatonR (Figure1.18)prescribingthepres-
enceof a compositestatecontainingan initial pseudostate.In thePrologrepresentation,sucha
query would look like the following (all the identifierswith capital initials are variables,thus
instantiatedwhenapplyingtherule).

sc:compositeState(S1), % selecting a composite state
sc:subvertex(E1,S1,S2), % selecting a substate S2 of S1
sc:pseudoState(S2), % testing the type of S2
sc:kind(A1,S2,’initial’), % accessing its attribute

All thetermsarematchingacorrespondingnodeor edgetype,while thePrologvariablesand
graphobject identifiersaresimilarly denoted.Although, sucha representationof LHS queries
might besufficient at first sight,unfortunately, they raiseseveralproblemsconcerningefficiency
andthehandlingof abstractnodes.

½ Whentheunificationof aPrologtermmaymultiply succeed,achoicepointisgenerated,and
all thematchingtermscanbeenumeratedby backtracking.However, whentheexecutionof
thepreviousprogramskeletonarrivesat to unify pseudoState, its variableS2 is already
instantiated,thus(asgraphobject identifiersareconsideredto be unique)this call cannot
succeedmore than once. As a result, an unnecessarychoicepoint is generated,which
decreasestheefficiency of theprogramwhenbacktrackingis required.

½ Similarly, thematchof attributetermscannever succeedmorethanonce.

½ Graphpatternsin the LHS of a rule may containabstractnodes,i.e. nodeswith a corre-
spondingabstractmetamodelclass.A puresyntacticaltransformationfrom LHS patternsto
Prologtermswouldbeunableto handlesuchmatches.

To avoid the previous problems,all the termsin Prologprograms(just in programsnot in
themodelmodules)areembeddedasa parameterinto anotherpredicate,which is responsiblefor
properlyhandlingnodesandedges.

Example1.6.3 Theneededmodifications(i.e. the indicationof nodes,edgesandattributes)for
theautomatonR examplearethefollowing:

node(sc:compositeState(S1)), % choice point generated
edge(sc:subvertex(E1,S1,S2)), % choice point generated
node1(sc:pseudoState(S2)), % no choice point generated
attr(sc:kind(A1,S2,’initial’)), % no choice point generated

Pleasenote the different predicates(node and node1) for accessingnodes,from which
node1 allows atmostonesuccessfulmatchby applyingthecutsymbolaftersuccessfullycalling
for thepseudostateS2. Naturally, asimilardistinctioncanbeusedfor edgesbut it is unnecessary
for attributes(attributesarealwayscutafterbeingmatched).Thenode (andnode1) predicateis
alsoresponsiblefor accessingthe“instances”of abstractclasses.
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Modifying the models As all thegraphobjectsarestoredasPrologterms,in principle,weneed
notdistinguishbetweene.g. theadditionof a nodeor anedge.However, to improve thelegibility
(andconsistency) of theautomaticallygeneratedcode,additionalpredicateswereintroducedfor
additionsanddeletions.

Example1.6.4 Continuingour automatonR example,theadditionsprescribedby theRHSof
the rule take the following form. The first nodeclause(eha:hAutomaton(T1)) is addedto
the eha model, while the secondnode(ref:refAut(R1)) and two edgesareaddedto the
referencemodel. The predicateadd (a commoncodepredicate)is responsiblefor generatinga
uniqueidentifierfor objectsbeforebeingaddedto thedatabase,

add(node(eha:hAutomaton(T1))), % adding a node to the EHA model
add(node(ref:refAut(R1))), % adding a node to the Ref model
add(edge(ref:src(C1,R1,S1))), % adding an edge to the ref model
add(edge(ref:trg(C2,R1,T1))). % adding another edge to the ref model

Negative application condition Negative applicationconditionsprohibit the presenceof a
matchingpattern,thus all the possibleextensionsof the LHS needto be investigated. If the
negativepatternis foundthentherule itself shouldfail, otherwise,if thereis nooccurrencefor the
negative pattern,theapplicationof theruleshouldcontinuewith additionsanddeletions.

Example1.6.5 Consideringnow compositeStateR rule asan examplefor negative condi-
tions,thecorrespondingPrologcodeshouldresembleto thefollowing (-> is a cut–like operator
usedbasicallyin if-then-elsestructuresof Prolog).Theentireclausefails if andonly if all thefour
callssucceed.

( node1(sc:compositeState(S1)), % pattern matching for Neg
edge(sc:subvertex(E1,S2,S1)),
node1(sc:compositeState(S2)),
attr(sc:isConcurrent(A2,S2,’true’)) ->
fail % fail if succeeded

;
true % continue otherwise

)

Pleasenotethatnegative objectsthatcanbemappedto anodeor anedgein theLHS (e.g.the
compositestateS1) neednotbeincludedin thenegativeconditionfor amoreefficient implemen-
tation(they canbehandledas“parameters”for thenegative part).

1.6.2 Program Generation for Rules

At thecurrentpoint,hopefully, thereaderhasalreadyhadaninsightonhow thegeneratedprogram
of rulesshouldlook like. However, theprocess(know-how) of automaticcodegenerationhasnot
beendiscussed.

Sucha programgeneratorreceivesa high-level descriptionof modeltransformationrulesas
the input, and it shouldgeneratethe correspondingPrologprogramfrom this specificationthat
implementsthetransformation.

Aftera deeperinsight,onemightnoticethat thisproblemcanberegardedasa modeltransfor-
mation,havingthedescriptionof graphtransformationrulesasthesourcemodelandtheProlog
codeasthetarget model.
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To avoid theabstractiongap(low-level codefrom high-level specification),moreover, to ob-
tain a languageindependenttransformation(allowing theuseof furtherprogramminglanguages
insteadof Prologin the future), theprogramgenerationprocessfor transformationruleswasdi-
videdinto four sub-transformations(summarizedin Figure1.37).

Prolog code treeGraTra description

Term represent.

UML description Prolog program

model trans.

model trans. model trans.

graph traversal

Figure1.37:Programgenerationfor transformationrules

1. As we statedin the introduction,model transformationsarespecifiedin a UML notation
(keepingthesyntaxbut overloadingits semantics).However, this UML specificationis not
discussedin thecurrentpaperin details.

2. From the UML specificationof transformationrules, a syntacticalmodel transformation
generatesthe rules using the termsand the metamodelof graphtransformation(GraTra
metamodel).This GraTra description(with nodes,edges,attributesetc.) is equivalentwith
thetransformationrulesusedpreviously.

3. From this GraTra representation,a semantictransformationgeneratesa logicsmodelcon-
taining sequencesof terms. This phasealsocontainsan optimizationprocessconcerning
theorderingof LHS querytermsfor improving theefficiency of transformations.

4. As thestructureof well-formedPrologprogramsis typically controlledby BNF expressions
(or moregenerallyspeaking,by someChomsky grammars),it doesnot directly fit into our
modeltransformationapproach.But consideringthatduring theparsingof programcode,
a parsetree is generated,we have a graphmodelat handfor any programminglanguage.
Thus, the third model transformationderives a simple treestructurefor the Prologcode,
containingonly terminalandnon-terminalgraphnodes.Terminalnodesareenrichedwith
theattachedtext attributesusedfor storingthepiecesof code.

5. Finally, thecodegenerationprocesssimplytraversesthiscodetreeandprintsthetext values
storedat eachterminalnodethat is reached.This graphtraversalalgorithmis general,the
samealgorithmcanbeusedfor differentprogramminglanguages.

In the following, the programgenerationprocessfor model transformationrules will be
demonstratedon thecodegenerationfor asmallsamplerule (simpleStateR of Figure1.15).

The metamodel of graph transformation Although, model transformationrules are based
upon the paradigmof graphtransformation,it doesnot prevent us from regardingit as an or-
dinarymodel(likestatechartsor automatons),thus,its metamodel(Figure1.38)canbecreatedby
strictly following its definitions(Def. 1.3.11).
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MappingRule
name: String

MapElem

Graph

GraphElem

model:String
type: String
varID: String

Attribute
name: String
value: String

Node Edge

lhs

rhs

lhs2rhs

contents

attributes

mapsTo

mapsFrom

from

to

Figure1.38:Themetamodelof graphtransformation

½ The metamodel(which is a simplified versionof the upcomingstandard[25]) statesthat
a graph transformationrule is composedof a lhs and an rhs graph, and a mapping
lhs2rhs betweenobjectsin theLHS andRHS.

½ A Graph is composedof abstractGraphElements,whichareeitherinstancesof aNode
or anEdge. They possessseveralattributes,suchasvarID for storingtheidentifier, type
for thetypeof theobjectandmodel for identifying themodeltheobjectbelongsto.

½ Theinstancesof theclassAttribute canbeattachedto GraphElements, whichclass
in turn containstwo MOF attributesname andvalue (pleasenotethat the notion of at-
tribute is overloaded).

½ A MapElem, which is embeddedinto a Mapping containsa referenceto anLHS object
mapsFrom, anda referenceto anRHSobject.An additionalsemanticconstraintis needed
to besetupat thecurrentpointprescribingthatamapelementmustnotconnectLHS nodes
to RHSedgesandviceversa.

Example1.6.6 Themodelgraphof thetransformationrulesimpleStateR is depictedin Fig-
ure1.39.Attributesaredepictedthis time in boxescontainingtheidentifierof theirownernodein
thetop–leftcorner, while edgesof typecontents have dashedlines.Theinterestedreadermay
checkthatthismodelgraphobviously conformsto its metamodel.

Pleasenotethat this graphbasedrepresentationdoesnot explicitly containany information
on theoptimalpatternmatchingof theLHS, thussuchanorderinginformationneedsto beadded
laterduringthefore-comingmodeltransformation.

The term representationof rules Thissecondmodeltransformation(thefirst oneis considered
to betheUML–GraTra transformationwhich is not discussedin thepaper)generatesa termrep-
resentationfor graphnodesandedges.Moreover, a nearlyoptimalorderingof thequerytermsof
theLHS (nearlyoptimalfrom thepoint of view of graphpatternmatching)is alsoprovided.

½ The metamodelof terms(seeFigure 1.40) is composedof Clauses on the top of the
hierarchy.
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Figure1.39:Themodelgraphof graphtransformation

½ The clauseis constitutedfrom list of facts(FactLs), onefor specifyingthe termsof the
LHS query, onefor theprescribedadditionsof termsandonefor deletions(in a morede-
tailedmetamodel,a fourthFactLs wouldcontaintermsfor thenegative condition).

½ A FactLs objectis built up fromFacts (anabstractclass),which is eitheraNodeFact,
an EdgeFact or an AttrFact. The factsare standalonein the sensethat e.g. links
betweennodesendedges(seefrom andto relationsin the GraTra metamodel)arenow
encodedinto attributesfromID andtoID.

½ However, new connectionshave beenintroducedfor representingthe sequencein which
thesefactsareto begeneratedin thecode.Thefirst andthesuccessortermsin thesequence
areidentifiedby first andnext edges.

Example1.6.7 Themodelgraphof the term representationof our runningexample(the imple-
mentationof rule simpleStateR) is depictedin Figure1.41(attributesaredenotedby boxes
similarly to theGraTracase).

Theobjectsof theLHS (noden1 andattributea1) aredirectly transformedinto terms,while
a term representationcontainsonly thosepartsof theRHS graph,which cannotbemappedto a
LHS object(suchnodesaren2, n3, e1, e2 in theexample).In this way, thetermrepresentation
is morecompactwhencomparedwith thecorrespondingGraTradescription.

Theorderingof termsis themostsemanticpartof thetransformationasgraphs(servingasthe
input)arestructureswhile thelist of terms(theoutput)is a sequence.

½ Thesequenceof querytermscommenceswith thecheckof objectsobtainedasrule param-
eters sincetheimagesof suchnodesandedgesarefixedin thehostgraph.

½ If a rule (suchassimpleStateR) containsno parameters,an arbitrary nodecan be
matched first. However, further optimizationis possiblehereto selectfirst that classof
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Figure1.40:Themetamodelof terms

nodeswhich hasthe leastnumberof instancesin orderto obtaina searchtreehaving the
leastnumberof branchesfrom theroot.

½ After nodehasbeenmatched,all of its attributesare collectedandchecked.

½ Afterwards,theLHS graphis traversedby matching an edge leadingfrom (or to) a previ-
ouslymatchednode(checkingin turn its type),which stepselectsthetarget (source)node
aswell. Thenwe merelycheck whetherthe typeof thecurrently identifiedtarget (source)
nodein the hostgraph correspondsto its LHS graphspecification.Pleasenote that type
checkingagainsta metamodelis a lessexpensive operationthanmatchinggraphobjectsof
theLHS.

½ Finally, theLHS graphtraversalalgorithmcontinueswith un-traversededges.If the LHS
graphis composedof morethanonecomponentsthenthealgorithmis requiredto beapplied
for eachcomponent.

The RHS objectsareordereddifferently in order to maintainthe invariantpropertythat the
applicationof a rulealwaysresultin awell–formedgraph(without danglingedges).

½ Thedeletionof edgesshouldalwayspreceedtheremoval of nodes.Wheneveranodefactis
requiredto bedeleted,all theedgesconnectedto thatspecificnodeandattributesattached
have to be implicitly deletedat the sametime. Thus, the remove operationis partially
implementedin thecommoncodemodule.

½ In contrastto deletions,the orderof addinggraphobjectsis just the opposite. A correct
ordershouldstartwith theadditionof nodesfollowedby theconstructionof attributes,and
finally, thecreationof edges.Keepingthespecificorderensuresthat theresultis alwaysa
graph.

Generating a parse tree From a termrepresentationof graphs,thegenerationof Prologfacts
doesnot requirethebridgingof a hugeabstractiongap,especiallyin sucha case,whentheorder
of predicateshasalreadybeendetermined.Eachsyntacticelementof Prologis to betransformed
into terminalgraphnodes(controlledby thegrammarof Prolog).



1.6. AUTOMATIC PROGRAM GENERATION 43

<FactLs>

f1

n1

<NodeFact>

<FactLs>

f2

name=’automatonR’

<Clause>

c1

<AttrFact>

a1

<NodeFact>

n3

<AttrFact>

a2

e1

<EdgeFact>

e2

<EdgeFact>

<NodeFact>

n2

a1
varID: ’A1’

objID: ’S1’
value: ’N’

model: ’sc’
type: ’name’

factType: ’attr’

a1

value: ’N’

type: ’name’

factType: ’attr’

varID: ’A2’

objID: ’T1’

model: ’eha’
factType: ’node’

n1
varID: ’S1’
type: ’simpState’
model: ’sc’

varID: ’R1’
type: ’refState’
model: ’ref’
factType: ’node’

n2

factType: ’node’

varID: ’T1’
type: ’hState’
model: ’eha’

n3

e1
varID: ’E1’
type: ’src’
model: ’ref’
factType: ’edge’
fromID: ’R1’
toID: ’S1’

model: ’ref’
factType: ’edge’

e2
varID: ’E2’
type: ’trg’

fromID: ’R1’
toID: ’T1’

first

contents

next

query

first
next next

next

nextadd

Figure1.41:Themodelgraphof terms

However, in order to keepour programgenerationapproachlanguageindependent,not the
final metamodel(in Figure1.42)is themetamodelof Chomsky grammars,andnot themetamodel
of Prolog.

Symbol

NonTerm

Terminal
text: Stringnext

sub

first

Figure1.42:Themetamodelof parsetrees(grammars)

Theadvantageof suchageneralsolutionoriginatesin thefactthatonly asinglegraphtraversal
algorithmis requiredfor thefinal codegenerationstepfor any programminglanguage,while the
well–formednessof theparsetreecanbeverifiedagainsttraditionalcontext–freegrammars.Thus,
for this final step,thegrammarof theprogramminglanguageis alsoneeded.A highly simplified
grammarof Prologis printedbelow.

Program ::= Clause Program | Clause
Clause ::= Pred ’:-’ Terms ’.’| Pred.
Pred ::= atom ’(’ Arg ’)’ | atom
Arg ::= Pred | var | atom
Terms ::= Pred ’,’ Terms | Pred
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Figure1.43:A partof thePrologcodegraph

Example1.6.8 Thetermrepresentationof our rulesimpleStateR is transformedinto a parse
tree. Figure1.43 shows a meaningfulpart of this treecontainingsubgraphfor the codebeing
generatedfor the addition of the EHA hStateT1. (This time the valuesof text attribute of
terminalnodesandthenamesof nonterminalsareprintedinsidethegraphnodeinsteadof node
identifiers.)

The top (depicted)level of the parsetree consistsof the Pred nonterminalsseparatedby
commasas terminals. One level below, the addition is specifiedby the predicateadd. This
predicatecontainsanotherpredicateasattribute,which describesthe fact (eha:hState(T1))
to beaddedto thedatabase.

Theinterestedreadermaycheckthat this treeis a well-formed(partof a) Prologprogramby
parsingthis treeagainstthegrammarandthemetamodel.

The generated Prolog code The parsetree is traversedby the following simple algorithm
(whichvisits thetreein a top-down, left-to-rightorder)in orderto generatethefinal textual repre-
sentationof rules(i.e. thePrologcode).

1. Startfrom therootnon-terminalof thetree.

2. If a terminalnodeis reachedthenprint thevalueof its text attribute.

3. If anon-terminalnodeis reachedthen

(a) visit thenodeidentifiedby thefirst edge(i.e. applythealgorithmrecursively from
(2))

(b) while anext edgeleadsfrom thecurrentnodeapplythealgorithmrecursively from
(2) to thenext node

Example1.6.9 Thealgorithmyieldsthefollowing codewhenappliedto thecompleteparsetree
generatedby thepreviousmodeltransformationstep.
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simpleStateR:-
% LHS
node(sc:simpleState(S1)),
attr(sc:name(A1,S1,N)),
% RHS
add(node(ref:refState(R1))),
add(node(eha:hState(T1))),
add(attr(eha:name(A2,T1,N))),
add(edge(ref:src(E1,R1,S1))),
add(edge(ref:trg(E2,R1,T1))).

As a summary, the programgenerationprocessof model transformationruleswasalsode-
signedby model transformationsreceiving a descriptionof graphtransformationsas input and
yielding thecorrespondingPrologcodeasoutput.In thefollowing, theimplementationof control
conditionswill bediscussedbriefly.

1.6.3 Common Program Skeletons

Control structuresin transformationunits aresuchpartsof theprogramthathave similar under-
lying skeletons.In thefollowing, controlconditions(summarizedin Table1.3) areimplemented
oneby one.

Controlcondition Prologcode
skip true
try(Rule) try(Rule):-

call(Rule), !.
forall(Rule) forall(Rule):-

call(Rule), fail.
forall(Rule).

rule1, rule2 rule1,
rule2

rule1; rule2 ( rule1
; rule2
)

if c then rule1 else rule2 if_then_else(C,Rule1,Rule2):-
try(C),
call(Rule1).

if_then_else(C,Rule1,Rule2):-
call(Rule2).

rule1! loop(Rule):-
try(Rule),
loop(Rule).

loop(Rule).
rule1 | rule2 effectscanbesimulatedby

fork(Rule1,Rule2):-
forall(Rule1;Rule2).

Table1.3: Implementingcontrolconditions



46 CHAPTER1. MATHEMATICAL MODEL TRANSFORMATIONS

½ Theskip operationis encodedinto thealwayssucceedingtrue clause.

½ The at most oncesemanticsnecessitateschoicepointsgeneratedby the successfulappli-
cationof therule to becut (thecall predicateof Prologis a so–calledmeta-predicatefor
beingableto call Prologclausespassedasattributes)

½ The forall semanticsenumeratesall thepossiblematchesby causingartificial backtracking
(usingthealwaysunsuccessfulfail clause).As the forall applicationof a rule is successful
even if the rule cannotbe appliedat all, a secondforall(Rule) clauseis neededto
guaranteethatproperty. This controlconditionalwaysterminates.

½ Thesequenceof two (or more)rulesis implementedby thePrologAND operator(comma).
No additionalcodeis requiredfor thecommoncodemodule.

½ For the non-deterministic choiceof two (or more) rules, the PrologOR operator(semi-
colon)is usedwithout additionalcommoncode.

½ Theif-then-elsestructuretriesto applytheconditionC, andif succeeded,callsRule1, and
otherwiseRule2.

½ Theclausefor theas long aspossiblesemanticsof a rule tries to apply the rule firts, and
calls itself recursively, if the rule wereableto be applied. The terminationof this control
conditioncannotalwaysbe guaranteed,asit dependson the successfulapplicationof the
rule.

½ The fork structureis not implementedyet (as parallelismis not supportedin all Pro-
log systems),however, its effectscanbe simulatedby combiningthe forall andthe non-
deterministicchoice operators,as forall forces the execution of both non-deterministic
branchesby backtracking.

For demonstratinghow control instructionscanbe constructedfrom the previous piecesof
code,the encodingcontrol conditionsof ancestorTU2 (the secondsolution for creatingthe
ancestorrelation)arelistedbelow.

Example1.6.10 In accordancewith our expectations, the following piece of code calls
ancFirstR at mostonce,thenappliesancTU for all possible“branches”definedby thenon-
deterministicchoiceoperator.

ancestorTU:-
try(ancFirstR(Top)),
forall(ancTU(Top)).

ancTU(Curr):-
( ancNextR(Curr,New),
forall(ancClosureR2(Curr,New)),
ancTU(New)

; true
).

This pieceof codeclearlydemonstratesthat theencodingof controlconditions(unlike trans-
formationrules) is ratherstraightforward, after having introducedthe commonpartsof the pro-
gramin Table1.3. Theinterestedreadermight alsohave noticedthat thedirectionof parameters
(inputor output)is of no importancein Prolog,astheunificationmechanismis bi–directional.
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1.7 Conclusion

In thecurrentpaper, avisualspecificationmethodwaspresentedfor generallydescribingandau-
tomaticallyimplementingmathematicalmodeltransformationsin orderto integrateUML–based
systemmodelsandmathematicalmodelsof formal verificationtools.Dueto thelargecomplexity
of IT systems,model transformationsaresupportedby an integratedenvironment,which hasa
precisetheoreticalbackgroundon the basisof graphtransformationbut simultaneouslyfollows
themainstandardsof softwareengineering(suchasUML, MOF metamodelsandXMI).

Both systemandmathematicalmodelswerespecifiedby meansof MOF metamodels,which
provide a semi-formal,visualdescriptionon thestructureof models,while semanticrestrictions
(which werenot discussedin thecurrentpaper)aretypically expressedby theObjectConstraint
Language(OCL).

Themanipulationof modelsis specifiedby powerful paradigmof graphtransformation.For
this reason,MOF modelsaretransformedfirst into a directed,typedandattributedgraphrepre-
sentationwhichcombinesthesourceandtargetmodelsinto acommonreferencegraphservingas
theinput andoutputfor transformations.Model transformationrulesthemselvesarespecialform
of graphtransformationrules. Rulescanbe groupedinto transformationunits, which provide a
structuringmechanismandcontrolconditionsfor transformationsystemswith a largenumberof
rules.

Thestrengthof ourmodeltransformationapproachwasdemonstratedonanindustrialstrength
example,which generatesan extendedhierarchicalautomatonfor providing an operationalse-
manticsfor UML statecharts.Our framework in thecurrentpaperprovidesa formal, high-level
specificationof this modeltransformationfollowing thesemi-formalguidelinespresentedfirst in
[16].

Finally, the issuesof automaticmodelgenerationwereaddressedby deriving a Prologpro-
gram from visual graphtransformationrules. This automaticprogramgenerationprocesswas
alsodesignedvia severalmodeltransformations,which integrategraphgrammarsandtraditional
Chomsky grammars.

Despitethe fact thatour modeltransformationapproachhasproved to besuccessfulfor sev-
eral applications,further future researchis neededespeciallyconcerningthe semanticissuesof
transformations.Although graphtransformationprovidesa precisemeansfor specifyingmodel
transformationsof variousdomainsbut only guaranteesthat the resultof the transformationis a
well-formedgraph(correctnessof a singlerule application).

Syntacticcorrectnessof transformations(i.e. theresultof thetransformationis awell–formed
sentenceof thetargetlanguage)werecheckedby planneralgorithms[29]. After beingableto pre-
cisely describemetamodels(substitutingMOF metamodelswith a precisemetamodellingtech-
nique), our attentionwill turn towardssemanticcorrectnessof transformationsby prescribing
specialcriteriathathasto befulfilled by bothsourceandtargetmodels.
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